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Statistics show that signalized intersections are among the most dangerous locations of a 
roadway network. Different approaches including crash frequency and severity models have 
been used to establish the relationship between crash occurrence and intersection characteristics. 
In order to model crash occurrence at signalized intersections more efficiently and eventually to 
better identify the significant factors contributing to crashes, this dissertation investigated the 
temporal, spatial, and site correlations for total, rear-end, right-angle and left-turn crashes. Using 
the basic regression model for correlated crash data leads to invalid statistical inference, due to 
incorrect test statistics and standard errors based on the misspecified variance. In this 
dissertation, the Generalized Estimating Equations (GEEs) were applied, which provide an 
extension of generalized linear models to the analysis of longitudinal or clustered data. 
A series of frequency models are presented by using the GEE with a Negative Binomial 
as the link function. The GEE models for the crash frequency per year (using four correlation 
structures) were fitted for longitudinal data; the GEE models for the crash frequency per 
intersection (using three correlation structures) were fitted for the signalized intersections along 
corridors; the GEE models were applied for the rear-end crash data with temporal or spatial 
correlation separately. For right-angle crash frequency, models at intersection, roadway, and 
approach levels were fitted and the roadway and approach level models were estimated by using 
the GEE to account for the “site correlation”; and for left-turn crashes, the approach level crash 
frequencies were modeled by using the GEE with a Negative Binomial link function for most 
patterns and using a binomial logit link function for the pattern having a higher proportion of 
zeros and ones in crash frequencies. All intersection geometry design features, traffic control and 
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operational features, traffic flows, and crashes were obtained for selected intersections. Massive 
data collection work has been done. 
The autoregression structure is found to be the most appropriate correlation structure for 
both intersection temporal and spatial analyses, which indicates that the correlation between the 
multiple observations for a certain intersection will decrease as the time-gap increase and for 
spatially correlated signalized intersections along corridors the correlation between intersections 
decreases as spacing increases. The unstructured correlation structure was applied for roadway 
and approach level right-angle crashes and also for different patterns of left-turn crashes at the 
approach level. Usually two approaches at the same roadway have a higher correlation. 
At signalized intersections, differences exist in traffic volumes, site geometry, and signal 
operations, as well as safety performance on various approaches of intersections. Therefore, 
modeling the total number of left-turn crashes at intersections may obscure the real relationship 
between the crash causes and their effects. The dissertation modeled crashes at different levels. 
Particularly, intersection, roadway, and approach level models were compared for right-angle 
crashes, and different crash assignment criteria of “at-fault driver” or “near-side” were applied 
for disaggregated models. It shows that for the roadway and approach level models, the “near-
side” models outperformed the “at-fault driver” models. 
Variables in traffic characteristics, geometric design features, traffic control and 
operational features, corridor level factor, and location type have been identified to be significant 
in crash occurrence. In specific, the safety relationship between crash occurrence and traffic 
volume has been investigated extensively at different studies. It has been found that the 
logarithm of traffic volumes per lane for the entire intersection is the best functional form for the 
total crashes in both the temporal and spatial analyses. The studies of right-angle and left-turn 
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crashes confirm the assumption that the frequency of collisions is related to the traffic flows to 
which the colliding vehicles belong and not to the sum of the entering flows; the logarithm of the 
product of conflicting flows is usually the most significant functional form in the model. This 
study found that the left-turn protection on the minor roadway will increase rear-end crash 
occurrence, while the left-turn protection on the major roadway will reduce rear-end crashes. In 
addition, left-turn protection reduces Pattern 5 left-turn crashes (left-turning traffic collides with 
on-coming through traffic) specifically, but it increases Pattern 8 left-turn crashes (left-turning 
traffic collides with near-side crossing through traffic), and it has no significant effect on other 
patterns of left-turn crashes. This dissertation also investigated some other factors which have 
not been considered before. The safety effectiveness of many variables identified in this 
dissertation is consistent with previous studies. Some variables have unexpected signs and a 
justification is provided. 
Injury severity also has been studied for Patterns 5 left-turn crashes. Crashes were located 
to the approach with left-turning vehicles. The “site correlation” among the crashes occurred at 
the same approach was considered since these crashes may have similar propensity in crash 
severity. 
Many methodologies and applications have been attempted in this dissertation. Therefore, 
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CHAPTER 1: GENERAL INTRODUCTION 
1.1 Background 
Intersections are among the most dangerous locations of a roadway network. In the year 
2003, Florida had 243,295 crashes recorded in the Florida Department of Highway Safety and 
Motor Vehicles (DHSMV) database. Among these, 96,710 crashes (39.75%) occurred at or were 
influenced by intersections. Intersections also tend to experience more severe crashes. The 
percentage of injury crashes (including possible injury, non-incapacitating evident injury, 
incapacitating injury, and fatal injury) at intersections was 68.9%, which was much higher than 
that for all other entities (e.g. road section), in which the injury crash percentage was 52.4%. 
There were a total number of 895 fatal injuries and 114,411 personal injuries from the 
intersection crashes, around half of total fatal and personal injuries for all crashes. Since the 
signalized intersections are generally large intersections, the safety status for these intersections 
is even worse. The average number of crashes occurring at signalized intersections was 9.6 
compared to an average of 2 per year at stop sign or yield-sign locations (Bhesania, 1991). 
Traffic crashes at signalized intersections place a huge burden on society in terms of death, 
injury, lost productivity, and property damage.  
It is well accepted that traffic crashes at signalized intersections are complicated events 
which involve the interaction between the driver, vehicle, roadway, traffic, and the environment. 
However, the relationship between crash occurrence and these contributing factors is still not 
clear. For example, although traffic flow is the most influential factor on crash occurrence, the 
statistical relationship between traffic flow and crash frequency achieved in previous studies is 
not that convincible. Considering that most of 35 crash types included in police reports (e.g., 
2 
rear-end, angle, left-turn) can occur at signalized intersections and each crash type has its 
specific occurring mechanisms, the safety analysis at signalized intersection is extremely 
complicated. The number of crashes is at an intolerable level and intersection safety is selected 
as the most emphasis area by the federal, state, and local agencies (AASHTO, 2005; FDOT, 
2006); therefore, traffic safety at signalized intersections needs further study.  
The first step towards an effective solution to improve safety is to identify the primary 
causes of crash occurrence. Several approaches have been used to establish the relationship 
between crash occurrence and intersection characteristics (e.g., geometric design features, traffic 
control and operational features, and traffic characteristics). The most common approach is using 
count data models, for which the crash frequencies in a certain period (usually one year) at 
signalized intersections are related to geometry and traffic related explanatory variables. Crash 
severity classification model is another approach, which analyzes how driver, vehicle, 
intersection, environment, and crash characteristics affect crash severity levels. 
Crashes at signalized intersections are rare events and crash frequency data are usually 
overdispersed. Negative Binomial regression provides a common tool for modeling cross-
sectional count data like crash frequencies at signalized intersections. Panel data, which consist 
of a time series for each intersection, are common in safety analyses. Observing the same unit 
over time, leads to several advantages over cross-sectional data. The prime advantage of a 
longitudinal study is its effectiveness for studying change. In addition, having multiple 
observations on the same units allows us to control certain unobserved characteristics of 
intersections. However, usually there is positive temporal correlation among panel data. 
Intersections could be considered as isolated when the distance between them is long, since in 
that case the influence between them is negligible; signalized intersections, especially for those 
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closer ones along a certain corridor, are spatially correlated and will influence each other in 
many aspects. Using the basic Negative Binomial regression for temporally or spatially 
correlated crash frequency data leads to invalid statistical inference due to incorrect test statistics 
and standard errors based on the misspecified variance.  
It is reasonable to assume that the different crash types have different contributing 
factors; fitting total crashes at intersection can not reveal the different effects of geometric, 
traffic, and environmental features on different crashes. For example, it has been found that 
installing traffic signal will reduce angle and left-turn crashes but increase rear-end crashes due 
to frequent sudden stops at signals. Rear-end crashes are the most frequently occurring collision 
type at signalized intersections. They represent 40.2% of all reported intersection crashes based 
on the crash history of 1531 signalized intersections in the state of Florida (Abdel-Aty et al., 
2005b). Considering most unreported crashes are rear-end, the actual percentage of rear-end 
crashes are even higher, which means that rear-end crashes are a real problem at signalized 
intersections; therefore, it is necessary to thoroughly investigate the temporal and spatial 
correlation among the rear-end crashes. 
Analyzing different crash types (e.g., rear-end) enables researchers to identify specific 
factors for different crashes. However, the crash types classified in initial police reports consist 
of different crash patterns in vehicle maneuvers, e.g., only a small portion of angle crashes is 
right-angle crashes, and in left-turn crashes, left-turning vehicles may collide with either on-
coming or crossing through vehicles. Therefore, there is a need to classify crashes based on 
vehicle maneuvers. Moreover, at signalized intersections, differences exist in traffic volumes, 
site geometry, and signal operations, as well as safety performance on various approaches of 
intersections. Therefore, modeling the total number of specific crashes at intersections may 
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obscure the real relationship between the crash causes (i.e., intersection characteristics, etc.) and 
their effects (i.e., right-angle crashes, etc.). However, assigning crashes to approach will cause 
“site correlation” among observations from the same intersection, which has not been considered 
in previous studies. In addition, there are different criteria of assigning crashes to an approach, 
such as “near stop line” or “at-fault driver”. Right-angle and left-turn crashes account for a high 
percentage of total crashes at signalized intersections and they are prone to be severe due to the 
relatively high conflicting speeds of involved vehicles and the angle of impact. A complete study 
of different crash patterns is necessary for intersection safety analysis. 
Crashes should not be analyzed only in frequency. A simple illustration of this point is 
that the intersections with more severe crashes should be improved with a higher priority than 
the intersections with the similar (or even more) number of minor crashes. All previous studies in 
crash severity analysis at signalized intersection are general in the sense of variables considered 
(only crash database was used and only few intersection related factors were included); however, 
intersection related variables are the only viable factors that safety engineers would have some 
control over. Moreover, crashes occurring at the same intersection or intersection approach may 
have similar propensity in crash severity. They might be correlated and this correlation has never 
been considered. 
In summary, commonly, there is correlation among the crash data. This might be 
temporal correlation for longitudinal data that consist of a time series for each intersection; or 
this might be spatial correlation among cross-sectional data when intersections are along the 
same corridor and close to each other; or this might be the “site correlation” among the repeated 
observations from the same intersection for roadway or approach level frequency models; or this 
might be the “site correlation” among crashes occurred at the same intersection in severity 
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analysis. Most previous studies use the basic modeling methods that disregard the correlation 
among the data and they may produce biased estimators and invalid test statistics. The safety at 
signalized intersections has not been investigated systematically when considering these different 
types of correlations. These complexity and diversity problems at signalized intersections require 
an extensive set of analytical tools in the researcher’s toolbox. The effort of this dissertation 
would be focused on exploring various safety problems, correlated data, as well as the advanced 
statistical, econometric, and biometric models, which allow us to construct realistic models that 
cannot be identified using only traditional methods. The objective is to model crash occurrence 
at signalized intersections more efficiently, which will eventually lead to better identification of 
the significant factors contributing to crashes and an enhanced prediction of crash patterns. 
 
1.2 Objectives 
The primary objective of this study is to develop advanced mathematical models that 
explain the relationship between both crash frequency and severity and signalized intersection 
geometry and traffic related characteristics. The following are the specific objectives of this 
research. 
The first purpose is to explore the temporal correlation for longitudinal crash data at 
signalized intersections using panel data methods. Generalized Estimating Equations (GEEs) 
provide an extension of generalized linear models to the analysis of longitudinal data (Liang and 
Zeger, 1986; Zeger and Liang, 1986). GEE with Negative Binomial link function is used to 
model temporal correlation for longitudinal intersection crash data. 
The second purpose is to develop a statistically valid model to analyze the spatial effect 
among signalized intersections along corridors and identify variables which significantly 
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influence crash frequencies at signalized intersections. The intersections along the same corridor 
will influence each other in many aspects. GEE is a promising tool to deal with correlated data 
and it will be used to account for spatial correlation. Three different correlation structures, 
independent, exchangeable, and autoregressive are explored for spatial correlation. 
Third, rear-end crashes are the most frequently occurring collision type. The GEE with 
the Negative Binomial link function is used to model rear-end crash frequencies at intersections 
to account for the temporal or spatial correlation among the data. 
Fourth, this study investigates the effect of intersection traffic volume, geometric design, 
and traffic control and operational features on right-angle crash occurrence at intersections. 
Models at intersection, roadway, and approach levels are fitted and different criteria are used for 
assigning crashes. The GEEs are used to account for the site correlation among the data in the 
disaggregated models. Data of intersection geometric design features, traffic control and 
operational parameters, and traffic characteristics as well as right-angle crash data were collected 
and investigated. 
Fifth, in order to better understand the underlying crash mechanisms, left-turn crashes at 
197 four-legged signalized intersections are classified into different patterns based on their 
vehicle maneuvers. Crashes of each pattern are assigned to the intersection approaches and crash 
frequency is modeled at the approach level by mainly using GEE with Negative Binomial as the 
link function to account for the “site correlation” among the crash data from the same 
intersection. GEE with a binomial logit link function is also applied for patterns with fewer 
crashes. 
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Finally, the classification model is another way to explore the cause and effect of crashes 
at signalized intersections. The modeling methods accounting for correlation among the repeated 
observations for probability analysis are tried for crash severity analysis. 
As noticeable, many methodologies and applications are attempted in this dissertation. 
Therefore, the objectives are both theoretical and implementational. 
 
1.3 Organization of Dissertation 
This dissertation will be organized in a parallel structure of different safety as well as 
data problems. Chapter 2 presents a temporal study of total crashes at signalized intersection; the 
theoretical details about the modeling method of GEEs are described. Chapter 3 explores the 
spatial correlation among the intersections along the selected corridors. Chapter 4 is a temporal 
and spatial analysis of rear-end crashes. Chapter 5 presents a study of right-angle crashes at 
intersection, roadway, and approach levels and Chapter 6 illustrate a study of left-turn crashes by 
disaggregating left-turn crashes into different patterns based on vehicle maneuvers and then 
relating crashes to relative flows and other intersection factors. In Chapter 7, a crash severity 
study is presented for left-turn crashes when considering the “site-correlation” among crashes. 
Finally, Chapter 8 summarizes the conclusions from the analyses and further research avenues 
are suggested. 
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CHAPTER 2:  
CRASH ESTIMATION AT SIGNALIZED INTERSECTIONS: 
SIGNIFICANT FACTORS AND TEMPORAL EFFECT  
Longitudinal intersection crash data are observations on a cross-section of intersections 
that are observed over several time periods. Such cross-section and time series data structures 
have positive temporal correlation within each intersection. Using the basic Negative Binomial 
regression leads to invalid statistical inference, due to incorrect test statistics and standard errors 
based on the misspecified variance. Generalized Estimating Equations (GEEs) provide an 
extension of generalized linear models to the analysis of longitudinal data, which account for the 
correlation among the repeated observations for a given intersection. This study predicts and 
describes the longitudinal crashes based on geometry and traffic related explanatory variables by 
using the GEE procedure to model temporal correlation for longitudinal intersection crash data. 




Longitudinal intersection crash data, which are observations on a cross-section of 
intersections that are observed over several time periods, are common in crash analyses. The 
objective of this study is to predict and describe the longitudinal crashes based on geometry and 
traffic related explanatory variables (these are viable factors that safety engineers have some 
control over) using Generalized Estimating Equations (GEEs), which provide an extension of 
generalized linear models (GLMs) to the analysis of longitudinal crash data (Lord and Persaud, 
2000). 
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2.1.1 Crash Prediction Methodology 
Crash frequencies at intersections are count data, which are nonnegative, integer-valued 
outcomes. There are basically three approaches attempted by researchers to relate crashes to 
geometry and traffic related explanatory variables: multiple linear regression, Poisson regression, 
and Negative Binomial regression (Abdel-Aty and Radwan, 2000). The most straightforward 
approach is multiple linear regression estimated by OLS. But the standard Gaussian linear 
regression may not suffice for count data; for count data, linear regression models lack the 
distributional property to describe adequately random, discrete, nonnegative, and typically 
sporadic vehicle crash events on the road (Chin and Quddus, 2003). 
The Poisson regression models, on the other hand, possess most of the desirable 
statistical properties in developing the relationships. If the crashes given explanatory variables 
have a Poisson distribution, then the conditional maximum likelihood estimators are fully 
efficient (Wooldridge, 2002). However, the vehicle crash data are found to be significantly 
overdispersed relative to its mean; in that case using the Poisson regression models may 
overstate or understate the likelihood of vehicle crashes on the road (Maher and Summersgill, 
1996). 
A standard generalization of the Poisson is the Negative Binomial distribution. The data 
are Poisson, but there is gamma-distributed unobserved individual heterogeneity. The most 
common implementation of the Negative Binomial is the Negative Binomial model with the 
quadratic variance function. Negative Binomial regression provides a common tool for modeling 
cross-sectional count data like crash frequencies at signalized intersections. Both Poisson and 
Negative Binomial regressions are special cases of GLMs. GLMs were first described by Nelder 
and Wedderburn (1972) and detailed in McCullagh and Nelder (1989). 
10 
Longitudinal intersection crash data (or panel data) are common in crash analyses. Poch 
and Mannering (1996) explored a 7-year crash data set for 63 intersections in a rural area of 
Bellevue, Washington; Maher and Summersgill (1996) summarized the studies for different 
types of intersections covered by U.K. Transport Research Laboratory (TRL) and most of the 
data sets are panel data; Mountain et al. (1998) analyzed 501 major intersections and about 5000 
minor intersections in six U.K. counties outside urban areas for 15 years; Lord and Persaud 
(2000) studied a 6-year period of data for 868 four-legged signalized intersections in Toronto, 
Canada; Chin and Quddus (2003) explored a data set of 52 four-legged signalized intersections 
from year 1992 to 1999 in Singapore; and Greibe (2003) explored a 5-year crash data set for 
1036 intersections in a Danish urban area. 
Observing the same unit over time, leads to several advantages over cross-section data. 
The prime advantage of a longitudinal study is its effectiveness for studying change. In addition, 
having multiple observations on the same units allows us to control certain unobserved 
characteristics of intersections (Cameron and Trivedi, 1998; Diggle et al., 2002). There are 
serious problems arising when we use traditional modeling methods for panel data. Basic count 
data models assume the dependent variables are independent. This is valid for most cross-
sectional crash data, but not for panel data. The error structures become a mixture of random 
between-site errors and highly correlated within-site error. The use of basic models for panel 
data may produce biased estimators and invalid test statistics (Lord and Persaud, 2000; Mountain 
et al., 1998). 
Maher and Summersgill (1996) and Mountain et al. (1998) used an iterative approach that 
uses constructed variables to fit the Negative Binomial structure model for panel data. Since this 
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method is not easy to handle, Maher and Summersgill (1996) suggested that it was better to 
avoid temporal correlation that was produced by disaggregating the data over years. 
Diggle et al. (2002) discussed the three extensions of GLMs for longitudinal data: 
random effect models, transition models, and marginal models. Random effect count data models 
were introduced by Hausman et al. (1984). Shankar et al. (1998) compared the random effects 
Negative Binomial (RENB) and the traditional Negative Binomial models to analyze median 
crossover crashes. Chin and Quddus (2003) suggested that the RENB model instead of the 
traditional Negative Binomial model to examine traffic crash occurrence at signalized 
intersection for panel data. RENB model is better able to account for the unobserved 
heterogeneity across locations and time (Chin and Quddus, 2003), but it still treats the 
observations for each intersection as independent. The transition models assume that the past 
values explicitly influence the present observation and the past observations are treated as 
additional explanatory variables. But the commonly used methods are marginal models, which 
model the marginal expectations as a function of explanatory variables. GEEs come from 
specifying a known function of the marginal expectation of the dependent variable as a linear 
function of covariates; and assuming that the variance is a known function of the mean; in 
addition, specifying a “working” correlation matrix for the observations for each location. Lord 
and Persaud (2000) began to apply the GEE method in signalized intersection crash prediction 
for the longitudinal data. In their study, 6-year traffic crash data for 868 four-legged signalized 
intersections were collected and independent correlation structure was assumed. 
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2.1.2 Research Shortcomings 
GEEs provide an extension of GLMs to the analysis of longitudinal or repeated data, 
which account for the correlation among the repeated observations by specifying a working 
correlation matrix of the observations for each intersection (Liang and Zeger, 1986; Zeger and 
Liang, 1986). The GEE estimation method give consistent estimates of the regression parameters 
and of their variance for longitudinal data under mild assumptions about the time dependence 
(Liang and Zeger, 1986). Lord and Persaud (2000) assumed the independent correlation structure 
for the crash data. The independent correlation structure considers the repeated observations for a 
particular intersection as a cluster, but the correlation between any two observations is zero. GEE 
models are generally robust to misspecification of the correlation structure (Liang and Zeger, 
1986); the goal of selecting a working correlation structure is to estimate the regression 
parameters more efficiently (Pan, 2001). The correlation features among longitudinal crash data 
for signalized intersections were rarely explored by researchers. It is necessary to compare the 
different correlation structures suggested by Liang and Zeger (1986), such as independent, 
exchangeable, autoregressive and unstructured structures to select the most appropriate structure 
to account for the temporal effect at signalized intersections. 
For the explanatory variables included in the intersection crash model, Greibe (2003) 
concluded that traffic flow is the most powerful variable for intersection crash prediction; 
geometry and other traffic control variables are less important. But his use of the traditional 
Poisson regression for longitudinal crash data is not statistically defensible. Other researchers 
also found that traffic flow is very important to model the crashes at the intersections, but 
intersection geometric design features (i.e. number of through lanes, right-turn lanes, left-turn 
lanes, etc.) and traffic control and operational features (i.e. signal phase, speed limit, etc) are also 
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important (Chin and Quddus, 2003; Poch and Mannering, 1996). Lord and Persaud (2000) 
suggested the GEE for the longitudinal intersection crash data and only used traffic flows as 
explanatory factors. In order to improve geometry design and traffic control and reduce the 
crashes at signalized intersections, there is a need to extend the use of GEE and explore the 
relationship between crashes and geometry and traffic related explanatory variables at such 
entities using GEE with Negative Binomial link function. 
 
2.1.3 Study Objectives 
The primary objective of this study was to develop a mathematically defensible model 
that explains the relationship between the crash frequency and signalized intersection geometry 
and traffic related characteristics. Crash frequencies were fitted using the GEEs with a Negative 
Binomial link function for the four different correlation structures (independent, exchangeable, 
autoregression, and unstructured). Models were assessed using the Cumulative Residuals 




2.2 Data Description 
A total number of 208 four-legged signalized intersections in the Central Florida area 
were selected from Brevard and Seminole counties in suburban areas. For an intersection 
longitudinal crash frequency study, the necessary data needed to be collected over the study 
period including intersection geometric design features, traffic control and operational features, 
14 
traffic characteristics, and crash data for the same intersections. It was difficult to obtain all this 
information over a long period, and therefore data for 3 years were collected and used.  
Geometry and traffic control features for these intersections were extracted by inspecting 
the intersection traffic planning and design diagrams. Information obtained from each drawing 
included the number of through lanes on each approach, the number of left-turn lanes and 
whether they were exclusive, the presence of medians on each approach, whether having 
exclusive right-turn lanes on each approach, the speed limits, and the angle of the intersections. 
Pavement surface type and location type are included in the Florida Department of Highway 
Safety and Motor Vehicles (DHSMV) database and so they become available for intersections 
with crashes. However, there are 32 intersections without crashes occurring during the study 
period. In such cases, these variables were obtained by accessing the FDOT’s RCI (Roadway 
Characteristics Inventory) system. 
Yearly traffic volume data on major and minor roadways for all 208 intersections for 3 
years were provided by the traffic engineering departments in each county. The sum of traffic 
volumes on major and minor roadways is the total entering ADT for the intersection. Dividing 
the total entering ADT by the total number of lanes (including through, left-turn and right-turn 
lanes) is ADT per lane (ADTPL), which is an indicator of intensity of traffic at the intersection. 
ADTDF and ADTRATIO are the difference and ratio of the ADT of major and minor roadways, 
respectively. 
Crashes that occurred at the intersections for three recent years (2000, 2001, and 2002) 
were collected by retrieving the Crash Analysis Reporting (CAR) system for 111 state road 
intersections (at least one intersecting roadway is a state road) and by using the county 
maintained crash database for 97 county road intersections. The crashes at the state road 
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intersections were cross-referenced against the crashes reported by the counties to ensure that the 
crash database was accurate and complete. Crashes considered in this analysis were ones 
occurring within 250 feet of the intersection milepost and labeled ‘at intersection’ or ‘influenced 
by intersection’ for crash site location. 
The sample covers various types of intersections in geometric design features, in traffic 
control and operational features, in traffic characteristics, and in crashes. A summary statistics of 
variables is presented in Table 1 and Table 2 for continuous and categorical variables, 
respectively. Intersection crash frequencies and the traffic volume data vary from year to year, 
and all other variables did not change during the study period. 
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Table 1 
Descriptive Statistics for Continuous Variables 
 
Continuous Variables Mean Minimum Maximum Std Dev 
Total number of crashes per year for intersection 4.4 0 45 5.6 
Total number of through lanes on Major roadway 3.8 2 6 1.1 
Total number of through lanes on Minor roadway 2.3 2 6 0.8 
Total number of left-turn lanes on Major roadway 2.2 2 4 0.6 
Total number of left-turn lanes on Minor roadway 2.2 2 4 0.5 
Total number of exclusive right-turn lanes on Major roadway 0.1 0 2 0.4 
Total number of exclusive right-turn lanes on Minor roadway 0.2 0 2 0.5 
Total number of lanes for entire intersection 10.8 8 20 2.4 
Angle of intersection (Degree) 85.4 48 90 8.6 
Posted speed limit on Major roadway (mph) 42.8 20 55 5.5 
Posted speed limit on Minor roadway (mph) 33.5 20 45 4.5 
ADTMJ: Major roadway ADT in both direction (Veh/day) 27688.7 1625 68460 13217 
ADTMN: Minor roadway ADT in both direction (Veh/day) 14640.7 1140 55728 9099.9 
ADT: Total approach volumes for the entire intersections 
 (103 Veh/day) 42.3 6.7 123.5 18.8 
LogADT: logarithm of total approach volumes for the  
entire intersection 10.6 8.8 11.7 0.5 
ADTPL: traffic volumes per lane for the entire intersection   
(103 Veh/day) 3.9 0.8 8.1 1.4 
LogADTPL: logarithm of traffic volumes per lane for the 
 entire intersection 8.2 6.7 9 0.4 
ADTDF: difference of traffic volumes between major  
roadway and minor roadway  (103 Veh/day) 13.9 0 53.1 11.8 
ADTRATIO: ratio of traffic volumes between major and  
minor roadways 2.7 0 22.1 2.7 
 
Note: Traffic volume and crashes vary along time, and this table was calculated based on 624 observations.  
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Table 2 
Descriptive Statistics for Category Variables 
 
Category Variables Levels Number of Intersections 
Percent of 
Intersections
Brevard County 115 55.3 County 
Seminole County 93 44.7 
1, if more than 2 approaches have exclusive right-
turn lanes 31 14.8 Number of approaches having  
exclusive right-turn lanes 0, if less than 2 approaches have exclusive right-turn 
lanes 177 85.2 
2, if 2 approaches have medians  127 61.06 
1, if only one approach has median 8 3.85 
The presence of medians on 
Major roadway 
0, if no approach has median 73 35.10 
2, if 2 approaches have medians 66 31.73 The presence of medians on 
Minor roadway 0, if no approach has median 142 68.27 
2, if it is Primary arterial 106 51.0 
3, if it is Minor arterial 7 3.3 Major roadway functional class 
4, if it is Local road 95 45.7 
2, if it is Primary arterial 16 7.7 
3, if it is Minor arterial 9 4.3 Minor roadway functional class 
4, if it is Local road 183 88.0 
1, if the surface is Portland Cement Concrete  17 8.2 Pavement surface type  
2, if the surface is Asphaltic Concrete 191 91.8 
1, if it is Suburban with population less than 2,500 139 66.8 Location type 
2, if it is Suburban with population higher than 2,500 69 33.2 
2, if having more than one left-turn protected 
approach 167 80.5 
1, if having one left-turn protected approach 20 9.6 
Number of approaches having  
protected left-turning signal 
0, if no left-turn protected approach 21 9.9 
 
Note: All the category variables are time constant, and this table was calculated based on 208 intersections.  
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2.3 Methodology: Generalized Estimating Equations 
Generalized Estimating Equations (GEEs) provide an extension of generalized linear 
models (GLMs) to the analysis of longitudinal data, which account for the temporal correlation 
among the repeated observations for a given intersection. The methods of modeling correlation 
in GEEs and choosing the working correlation structures are described followed by the 
introduction of the assessment of GEE models using the Cumulative Residuals method and type 
III analysis to identify the relative effects of variables in the GEE models. 
 
2.3.1 Modeling Correlation in GEEs 
Suppose the frequency of annual traffic crashes happened at intersection i  in year j  is 






 total observations. In our case, the 
numbers of repeated observations for each intersection are fixed and do not vary among 
intersections. Let the vector of crash frequency for the ith intersection be ( )′=
iinii
yyY ,,1 L  with 
corresponding means ( )′=
iinii
μμμ ,,1 L  and iV  is an estimator of the covariance matrix of iY . 
Suppose ( )′= ijpijij xxx ,,1 L  denote a 1×p  vector of explanatory variables associated with ijy . 
The GEE for estimating β  is an extension of the GLMs to the correlated data. The link 
function and linear predictor setup is as regular GLMs and is given by 
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The covariate matrix of iY  is specified as the estimator ( )
1 1
2 2
i i i iV A R Aφ α= , where iA  is a 
ii nn ×  diagonal matrix with ( )ijv μ  as the jth diagonal element. iV  can be different from 
intersection to another, but generally is to specify the same form of iV  for all intersections. ( )iR α  
is a ii nn ×  working correlation matrix that is fully specified by the vector of parameters α . 
Liang and Zeger (1986) have suggested several possible working correlation structures: 
(1) Independent ( )iR α  
The independence correlation structure assumes that repeated observations for an 
intersection are independent. In this case, the GEE estimates are the same as the regular GLM. 
However, their standard errors are different because the GEE method still account for the 
correlation by operating at the cluster level. 
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(2) Exchangeable ( )iR α  
The exchangeable working correlation makes constant the correlations between any two 
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= − ∑∑ . ije  and ike  are the Pearson residuals. 
(3) Autoregressive (AR-1) ( )iR α  
AR-1 weighs the correlation between two observations by their separated time-gab (order 
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(4) Unstructured ( )iR α  
It assumes different correlation between any two observations taken at the same location.  
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1ˆ φα . 
Liang and Zeger (1986) provided a modified iterative procedure for estimating 
coefficients, which is used by SAS Institute Inc. (2004) to fit the specified GEE model. The 
following procedures show how the correlation structure is entered into the GEE model: 
(1) For a GEE Negative Binomial model, an initial estimate of β  with a traditional 
Negative Binomial is calculated assuming independence. 
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(2) Compute the working correlations ( )iR α  based on the standardized residuals (e.g., 
Pearson residuals), the current β , and the assumed structure of ( )iR α  (e.g., an 
autocorrelation correlation structure introduced in Equation 5). 
(3) Compute an estimate of the covariance:  
( )1 12 2i i i iV A R Aφ α=  
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where r represents the number of iteration. 
(5) Iterate steps 2-4 until convergence. The output from these equations is then used in 
starting the procedure all over again in an iteratively re-weighted least squares 
procedure that involves minimizing the extent of change in the parameter estimates. 
As the size of these changes compared to the prior iteration approaches zero, the 
parameter estimates (β s and standard errors) stabilize 
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2.3.2 GEE Model Assessment: Cumulative Residuals Method 
The GEE estimates are obtained when a quasi-likelihood technique is used; therefore, the 
goodness-of-fit tests for the traditional negative binomial regression are not valid for GEE 
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negative binomial. Lin et al. (2002) present a graphical and numerical Cumulative Residuals 
method based on the cumulative sums of residuals for checking the functional form of 
continuous covariates and link function of GEEs. For a GEE model, the distribution of the 
stochastic processes under the assumed model can be approximated by the distribution of certain 
zero-mean Gaussian processes whose realizations can be generated by simulation. Each observed 
residual pattern could then be compared, both graphically and numerically, with a number of 
realizations from the Gaussian process. Both the maximum absolute value of the observed 
cumulative sum and the P-value for a Kolmogorov-type supremum test can be calculated. Like 
the raw residual plot, if the model is correct, the residuals are centered at zero and the plot of the 
residuals against any coordinate should exhibit no systematic tendency.  
 
2.3.3 Variable Relative Effects: Type III Analysis 
The type III chi-square value for a particular variable is the difference between the 
generalized score statistic for the model with all the variables included and the generalized score 
statistic for the model with this variable excluded. The hypothesis tested in this case is the 
significance of this variable given that all the other variables are in the model. The small p-value 
indicates that the effect of this variable is highly significant (SAS Institute Inc., 2004). 
 
 
2.4 Modeling Longitudinal Crash Data 
For comparison, the traditional Poisson and Negative Binomial regression models were 
fitted as shown in Table 3. With values of 4.2811 for the Deviance/DF and 5.2497 for Pearson 
Chi-Square/DF in Poisson regression, there is a strong evidence of overdispersion, which is 
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confirmed by the significant estimated dispersion value 0.8487 in Negative Binomial regression. 
Therefore, the Poisson regression is not appropriate for the data, and the statistical reference is 
not valid. The overdispersion causes the standard errors to be underestimated (Miaou et al., 
1992). 
Table 3 
Traditional Negative Binomial Model Estimations 
 
Estimation (Standard Error) 
Parameter 
Poisson Negative Binomial 
Intercept -6.0842 (0.5192) 
-6.2013 
(1.0281) 
Logarithm of ADT per lane (LogADTPL) 0.5894 (0.0576) 
0.5963 
(0.1236) 
Total number of lanes 0.0912 (0.0079) 
0.0986 
(0.0202) 
Exclusive right-turn lanes   
More than 2 approaches have exclusive right-turn lanes -0.7640 (0.1293) 
-0.6282 
(0.2782) 
Less than 2 approaches have exclusive right-turn lanes 0 0 
Left-turn protection   
Having more than one left-turn protected approach 0.6598 (0.1759) 
0.6230 
(0.2900) 
Having one left-turn protected approach -2.7255 (0.3938) 
-2.6931 
(0.4693) 
No left-turn protected approach 0 0 
The highest speed limit among the approaches (mph) 0.0249 (0.0042) 
0.0242 
(0.0093) 
Location Type   




Suburban with population less than 2,500 0 0 
Dispersion parameter - 0.8487 
   
Summary Statistics   
Number of intersections (Number of Clusters) 208 208 
Number of continuous years (Cluster Size) 3 3 
Number of Observations 624 624 
Deviance/DF 4.2811 1.1008 
Pearson Chi-Square/DF 5.2497 1.2977 
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2.4.1 Compare Functional Forms for Traffic Volumes 
Traffic flows are invariably included as an explanatory variable in the crash model. Their 
different forms and transformations were explored. The six different functional forms of traffic 
volumes (ADT, LogADT, ADTPL, LogADTPL, ADTDF, and ADTRATIO) were included into 
the GEE model separately with other significant variables. The assessment and comparison 
between the functional forms were performed using the Cumulative Residuals test, which can 
assess the continuous variables in GEE models graphically and numerically. The Cumulative 
Residual plots for different traffic volume functional forms were drawn using SAS ODS graphic 
techniques (SAS Institute Inc.) as shown in Figure 1. The observed Cumulative Residuals are 
represented by the heavy lines, and the simulated curves are represented by the light lines. The p-
values are computed based on a sample of 10,000 simulated residual paths as shown in the 
lower-right corner on each plot. 
The Cumulative Residuals plots for ADT, ADTPL and ADTDF (in Figure 1a, 1c, and 1e, 
respectively) are all centered at zero and the p-values (labeled as Pr>MaxAbsVal) are all larger 
than 0.5. The larger p-value indicates that the null distribution in Kolmogrov-type supremum test 
is not violated and so the tested covariate functional form is valid. All these three covariates have 
significant test statistics in GEE Negative Binomial models, too. But the observed Cumulative 
Residual plots for covariates ADT and ADTDF appear to have certain pattern: the curves have 
similar shape. Such pattern suggests that logarithm transformation of ADT and ADTDF may be 
the more appropriate functional form (Lin et al., 2002). The Cumulative Residual plots for 
ADTPL exhibits no systematic tendency and its p-value (0.7415) is much higher than those for 
ADT and ADTDF. ADTRATIO is not significant in the total crash model, which is reinforced by 
the sharp curve and small p-value in Cumulative Residual plot (Figure 1f). 
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A comparison of the Cumulative Residual plots for LogADT and LogADTPL (see Figure 
1b, 1d) shows that LogADTPL is the best functional form with no systematic tendency and 
highest p-value (0.8626). The maximum absolute value of its observed cumulative sum is 
5.4162. Since we used 10,000 realizations in the supremum test. The p-value 0.8626 means that 
out of 10,000 realizations from the null distribution, 86.26% have maximum cumulative 





(a)           (b) 
  
(c)           (d) 
  
(e)           (f) 
Figure 1: Checking Functional Forms for Traffic Flow for the GEE Negative Binomial Model 
Using Cumulative Residuals Method: (a) for ADT; (b) for LogADT; (c) for ADTPL; (d) for 
LogADTPL; (e) for ADTDF; and (f) for ADTRATIO 
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2.4.2 Estimation Results and Model Assessment 
The GEE models with a Negative Binomial link function for the crash frequency per year 
with the four correlation structures were fitted using SAS GENMOD procedure (SAS Institute 
Inc., 2004), which can fit the GEE models with most of the link choices and correlation 
structures. The GEE Negative Binomial model was fitted for different correlation structures 
(independent, exchangeable, autoregression, unstructured), and the associated standard errors 
were reported in Table 4. The estimated coefficients for traditional Negative Binomial and GEE 
Negative Binomial with independent working correlation matrix are exactly the same as 
expected. GEE models have slightly higher estimated standard errors than the traditional model 
because accounting for the temporal correlation will inflate the standard errors (Lord and 
Persaud, 2000). The four correlation structures have produced unequal coefficients, which show 
the effect of different correlation structures in the analysis. 
Since the number of observations for each intersection is 3, the correlation structure is a 
symmetric matrix and its dimension is 3 with one in each diagonal position. The estimated 
working correlation structures are presented in Table 5. The correlation estimated by 
exchangeable structure is 0.6125. The autoregression structure has correlation of 0.6888 for each 
successive two years and correlation 0.4744 for year 2000 and 2002. Unstructured structure has 
the highest correlation 0.7505. These high correlations indicate that the temporal correlation 
should be accounted for in the longitudinal crash data. 
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Table 4 
GEE Negative Binomial Models with Four Different Correlation Structures 
 
GEE Negative Binomial Estimations  
(Standard Error) Parameter 
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Less than 2 approaches have exclusive right-
turn lanes 0 0 0 0 
Left-turn protection     

















No left-turn protected approach 0 0 0 0 










Location Type     








Suburban with population less than 2,500 0 0 0 0 
Dispersion parameter 1.1392 1.1409 1.1696 1.1727 
     
Summary Statistics     
Number of intersections (Number of Clusters) 208 208 208 208 
Number of continuous years (Cluster Size) 3 3 3 3 
Number of Observations 624 624 624 624 
Maximum Absolute Value 8.3961 7.9242 5.6037 5.6259 




The Estimated Working Correlation Structures 
 
Independent correlation structure 
year 2000 2001 2002 
2000 1.0000 0.0000 0.0000 
2001 0.0000 1.0000 0.0000 
2002 0.0000 0.0000 1.0000 
Exchangeable correlation structure 
2000 1.0000 0.6125 0.6125 
2001 0.6125 1.0000 0.6125 
2002 0.6125 0.6125 1.0000 
Autoregression correlation structure (AR-1) 
2000 1.0000 0.6888 0.4744 
2001 0.6888 1.0000 0.6888 
2002 0.4744 0.6888 1.0000 
Unstructured correlation structure 
2000 1.0000 0.7505 0.4991 
2001 0.7505 1.0000 0.6584 
2002 0.4991 0.6584 1.0000 
 
The Cumulative Residuals plots for the GEE models with four different working 
correlation structures are presented in Figure 2. The observed Cumulative Residuals are 
represented by the heavy lines, and the simulated curves are represented by the light lines. The p-
values are computed based on a sample of 10,000 simulated residual paths as shown in the right 
corner on each plot. In the graphs, the difference among the four structures is small. But the p-
values show that there are differences for GEE models with different correlation structures. The 
GEE autoregression model has the largest p-value 0.8655 and smallest maximum absolute value 
5.6037. This means that out of 10,000 realizations from the null distribution, 86.55% have a 
maximum greater than 5.6037. The GEE model with independent structure has the smallest p-




(a)      (b) 
  
(c)      (d) 
Figure 2: Checking the Link Function Using the Cumulative Residuals Method for GEE 
Negative Binomial Models: (a) with independence correlation structure; (b) with exchangeable 
correlation structure; (c) with autoregression correlation structure; and (d) with unstructured 
correlation structure 
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The autoregression structure assumes that the correlations between the multiple 
observations for a certain intersection will decrease as the time-gap increase. For example, it is 
0.6888 for each successive two years and 0.4744 for year 2000 and 2002. Compared with the 
independent structure used by Lord and Persaud (2000), the GEE model with independent 
correlation structure still account for the correlation by operating at the cluster level, but it 
assumes the correlation between the repeated observations is zero. The conclusion that the GEE 
autoregression model has better goodness-of-fit is consistent with the theory that autoregression 
structure is specifically appropriate for time-dependent correlation data structures. 
 
2.4.3 Significance of Variables in the Model 
In order to examine the relative effect of the explanatory variables included in the model, 
the type III analyses were performed for different correlation structures and for each variable as 
shown in Table 6. For example, the type III chi-square value for the variable LogADTPL is the 
difference between the generalized score statistic for the model with all the variables included 
and the generalized score statistic for the model with the variable LogADTPL excluded. The 
hypothesis tested in this case is the significance of the variable LogADTPL given that all the 
other variables are in the model (i.e., it tests the additional contribution of LogADTPL). The 
small p-value for LogADTPL (0.0387 in the GEE model with autoregression structure) indicates 
that the effect of this variable is highly significant. The significant variables included in the 
model can be classified into 4 types: traffic characteristics, intersection geometric design 




Type III Analysis for Traditional and GEE Negative Binomial Models 
 
GEE model type III analysis: Chi-Square   
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Traffic volume is the most significant variable affecting intersection safety. This 
conclusion has been proven by many studies using panel data methods (Chin and Quddus, 2003; 
Lord and Persaud, 2000; Maher and Summersgill, 1996; Mountain et al., 1998) and traditional 
count data methods (Poch and Mannering, 1996; Greibe, 2003). Some studies have used the total 
entering ADT in determining intersection crash occurrence (Chin and Quddus, 2003; Greibe, 
2003). Others treated major and minor road ADTs as separate independent variables (Lord and 
Persaud, 2000). In this study, LogADTPL was used and it came to be one of the most significant 
variables indicated by the small p-value in the GEE model type III analysis, for example 0.0246 
for the GEE model with autoregression structure. Traffic volume is just the quantity of vehicles 
crossing the intersection while the ADT per lane is an indicator of the intensity of vehicles at the 
intersection. An increase in ADT per lane will reduce the average spacing, which can be directly 
related to the density of the lane at the intersections. The increase of vehicle density would lead 
to more crashes. 
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The size of the intersection is represented by the total number of lanes (including the 
through, right-turn and left-turn lanes) for all approaches. It has similar p-value as traffic volume 
in the type III analysis for the autoregression structure (0.0283 vs. 0.0246), which shows that the 
size of the intersection has a significant effect on the crash occurrence. Porter and England 
(2000) concluded that more red light running tended to occur at intersections with more lanes in 
both roads, which could imply that the risk of a crash at larger intersections is higher. Based on 
the approach level model, Poch and Mannering (1996) also found the number of crashes will 
increase as the number of lanes at the approach increases. 
Adding exclusive right-turn lanes may reduce crash occurrence at the signalized 
intersection. The negative sign for the factor of having more than 2 exclusive right-turn lanes at 
the intersection means that adding more exclusive right-turn lanes will reduce the crash 
occurrence at the signalized intersection. However, there are differences in its significance 
between the traditional Negative Binomial model and the GEE models with different correlation 
structures. This factor is significant in the traditional Negative Binomial model; the p-value is 
0.0301 in its type III analysis. It is marginally significant in the GEE model with other 
correlation structures. This difference shows the effect of temporal correlation. In most cases, the 
minor road will construct right-turn lanes after the major road. The negative sign for the factor of 
having more than 2 exclusive right-turn lanes indicates that the installation of right-turn lane on 
all intersection approaches has greater safety effect. 
There are several conditions to consider when adding partial left-turn protection phase: 
the approach left-turn volume is high; the sight distance for approach left-turning vehicles is 
restricted; and there is a high frequency of turning crashes in history for the approach (Roess et 
al., 2004). The protection for this approach will reduce the crashes significantly. It is indicated 
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by a negative sign for the factor of having one approach protected. But this benefit will be 
reduced or negated shown by the positive sign for the factor that has more than one approach 
with protected left-turn signal. This is because the number of approaches with protected left-turn 
is directly related to the number of phases per cycle; the more approaches with left-turn 
protection determines the larger number of phases per cycle. Other researchers also found that 
increasing the number of phases will increase the risk of crash occurrence (Chin and Quddus, 
2003). The safety advantage of traffic signal control is to reduce the frequency and severity of 
certain types of crashes, e.g. right-angle, turning and pedestrian/bicycle, which tend to be severe; 
while the disadvantage is that left protection might cause an increase in rear-end crashes, which 
tend to be non severe (Poch and Mannering, 1996; Roess et al., 2004). 
It is rational to assume that the risk and severity of accidents on an intersection approach 
increases as the posted speed limit on the approach increases. Based on the approach level 
model, Poch and Mannering (1996) found a higher speed limit on the approach would increase 
the crash occurrence, while the higher speed limit on the opposing approach will reduce it. In our 
study, the highest speed limit among the two roadways was found to be another significant 
variable among the traffic control and operational features that affect the safety of the signalized 
intersection (p-value =0.0301 for type III analysis in the GEE model with autoregression 
structure). 
The selected intersections are located in suburban areas with different population levels; 
and thereby have different traffic patterns. The small p-value (0.0569) in type III analysis for the 
autoregression structure shows that intersections located in high population areas are associated 
with high crash frequency. This is not surprising since the traffic flow and the nearby 
environment for intersections in high population areas could affect crash occurrence. 
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Among the geometric design features, the angle of the intersection is not significant in 
the model, but it does not mean that it has no effect on the intersection safety. Roess et al. (2004) 
found that the skewed intersections are particularly hazardous when uncontrolled and combined 
with high intersection-approach speeds, while in this study all the analyzed intersections have 
existing signal control.  
 
2.4.4 Safety Effect of Pavement Type 
The pavement surface types for the selected intersections were retrieved using the Florida 
Department of Highway Safety and Motor Vehicles (DHSMV) database for the intersections 
with crashes occurred and the Roadway Characteristics Inventory (RCI) system for the 
intersections without crashes during the study period. The DHSMV database records the 
pavement surface type as: (1) Slag/Gravel/Stone, (2) Blacktop, (3) Brick/Block, (4) Concrete, (5) 
Dirt, (6) All other, or (7) Unknown. The RCI system records the pavement surface type as: (1) 
Portland Cement Concrete, (2) Brick, (3) Asphaltic Concrete, or (4) Other. The Blacktop and the 
Concrete (terms used in the original paper) in the DHSMV database are the Asphaltic Concrete 
and the Portland Cement Concrete in the RCI system, respectively. In the samples, 191 
intersections have the Asphaltic Concrete surface, and 17 intersections have the Portland Cement 
Concrete surface; their percentages are 91.8% and 8.2%, respectively. The percentage of the 
Portland Cement Concrete surface in the road network is small in the Central Florida area. There 
are no Slag/Gravel/Stone, Brick/Block, or Dirt pavement surface types in the samples.  
The pavement surface type was included in the model as a binary variable with Asphalt 
Concrete as the base case. In the analysis, the factor of having the Asphaltic Concrete surface has 
a negative coefficient (-0.4434) and a small p-value (0.0889) in the GEE model with the 
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autoregression structure as shown in Table 7, which indicates that at the signalized intersections 
the Asphaltic Concrete surface is correlated with lesser crashes than the Portland Cement 
Concrete surface. Out of 17 intersections which have Portland Cement Concrete surface in our 
samples, 11 intersections have 4 through lanes on major roadway and 2 through lanes on minor 
roadway. A box plot that compares the crash distributions for intersections with Portland Cement 
Concrete and Asphaltic Concrete surfaces was produced in Figure 3 of this document. It also 
shows that the intersections with Portland Cement Concrete surface have a higher average crash 
than the intersections with Asphaltic Concrete surfaces (6.5 vs. 4.1). 
 
 
Figure 3: Box plot for Intersections Annual Average Crashes with Different Surface: Asphaltic 
Concrete (AC) vs. Portland Cement Concrete (PCC) 
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Table 7 
GEE Negative Binomial Models with Pavement Surface Type vs. without Pavement Surface 
Type 
 
GEE Model with  
Autoregression Correlation Structure 
Parameter 
With  
Pavement Surface Type 
Without  













Exclusive right-turn lanes   
More than 2 approaches have exclusive right-turn lanes -0.5932 (0.4828) 
-0.6798 
(0.4815) 
Less than 2 approaches have exclusive right-turn lanes 0 0 
Pavement surface type   
Asphalt Concrete (AC) -0.4434 (0.2606) - 
Portland Cement Concrete (PCC) 0 - 
Left-turn protected   
Having more than one left-turn protected approaches 0.797 (0.5002) 
0.6849 
(0.4895) 
Having one left-turn protected approaches -2.6676 (0.8518) 
-2.8123 
(0.8402) 
No left-turn protected approaches 0 0 




Location Type   




Suburban with population less than 2,500 0 0 
Dispersion parameter 1.1875 1.1696 
   
Summary Statistics   
Number of intersections (Number of Clusters) 208 208 
Number of continuous years (Cluster Size) 3 3 
Number of Observations 624 624 
Maximum Absolute Value 5.4954 5.6037 
Pr>MaxAbsVal 0.8578 0.8655 
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However, the reasons for the intersections with a Portland Cement Concrete surface 
having higher crashes are not obvious. D. Croney and P. Croney (1997) cited the test result 
reported by Sabey (1968) that “Fine Cold Asphalt” has the higher Braking Force Coefficient 
(BFC) than “Concrete slightly polished” on wet surface as shown in Figure 4. Since skidding is 
largely a wet-road problem, based on the above test results the authors thought skid resistance 
might be a reason for the intersections with a Portland Cement Concrete surface having higher 
crashes. In the State of Florida some of the Asphaltic Concrete surface will wear “friction 
course” (the layer of non-skid surface on top of the surface type) to increase the friction. This 
friction course is not put on the Portland Cement Concrete. However, considering pavement 
surface type, textures, pavement condition, vehicle speed, weather, roughness, and some other 
features all affect the skid resistance (AASHTO, 2001; D. Croney and P. Croney, 1997; Huang, 
2003), we cannot say that all Asphaltic Concrete surfaces have a higher friction than Portland 




Figure 4: Change of BFC with Speed on Different Wet Surfaces (D. Croney and P. Croney, 
1997) 
 
The pavement surface features available in the RCI system are Pavement Surface Type 
(Portland Cement Concrete, Brick, Asphaltic Concrete, Other), Pavement Condition (Very Poor, 
Poor, Fair, Good, Very Good), Surface Layers (contain the characteristics that describe friction 
course, pavement surface layer, and pavement surface thickness), and Pavement Roughness 
Index. Unfortunately, skid resistance or any other friction coefficients is not available in the RCI 
system; therefore, we cannot use a friction coefficient directly to test its safety effect at 
signalized intersections. Moreover, the RCI system only maintains roadway characteristics for 
the state roads and for few county roads. In this analysis, of 208 populated intersections, there 
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are 97 county road intersections. The surface features retrieved from Florida Department of 
Highway Safety and Motor Vehicles (DHSMV) database are only Pavement Surface Type. 
Therefore, the authors used only Pavement Surface Type to represent the pavement surface 
features in the original model. 
Since the surface features in the field are so variable (e.g., different types of Asphaltic 
Concrete surfaces, different types of Portland Cement Concrete surfaces, different surface 
condition, wearing friction course or not), using only pavement surface type as an indicator is not 
enough to represent the distinctions between Asphaltic Concrete surface and Portland Cement 
Concrete surface and to draw a solid conclusion of which one is better for safety. Also the few 
cases of intersections with concrete pavement are worrisome. Therefore, the GEE models that 
with the Pavement Surface Type are attempted. The Cumulative Residuals test shows that the 
GEE model with the Autoregression correlation structure is still the best model with the highest 
p-value, and that the GEE model without Pavement Surface Type has a slightly higher p-value 
than the GEE model with Pavement Surface Type (0.8655 vs. 0.8578) as shown in Table 7. 
Therefore, the variable of pavement surface type is removed from the final model. This study 
points to further research that need to be conducted into the safety effects of pavement surface 
features at the signalized intersections. 
 
2.4.5 Safety Effect of Road Functional Class 
After exploring several related databases, we found that the functional class for major and 
minor roadways at intersections is available in two resources: (1) the RCI database at FDOT, and 
(2) the TIGER road network file stored at the Florida Geographic Data Library (FGDL). The 
TIGER is a GIS file, which provides a chance for us to use the ArcGIS software to retrieve the 
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functional class automatically. The functional class of intersection major and minor roadways is 
identified using the 2000 TIGER file for each county. And it has three levels: Primary Arterial, 
Minor Arterial, and Local Road (the summary statistics for this variable is presented in Table 2). 
The functional class of major and minor roadways is included into the GEE Negative 
Binomial model separately, simultaneously (as two separate variables or as interaction terms) for 
the model with Pavement Surface Type and the model without Pavement Surface Type. The 
functional class of major roadway is the only significant variable. If we set the level of “Primary 
Arterial” as the base case, the coefficients for the other two levels are both negative as shown in 
Table 8. It indicates that if the major road is the “Primary Arterial”, the intersection will have 
more crashes. This may seem surprising since the primary arterial usually has higher design 
standard. The reason might be there is significant correlation between the major road functional 
class and the posted speed limit (Pearson Correlation = -0.3366), total number of lanes (Pearson 
Correlation = -0.3032), and the traffic volumes per lane for the entire intersection (Pearson 
Correlation = -0.2853). The correlation coefficients are negative since the functional class of 
“Primary Road” was set as a small number.  
The Cumulative Residual test shows that including the major road functional class into 
the GEE models does not improve the model performance. The GEE models with the functional 
class have lower p-values than the GEE models without the functional class as shown in Table 8 
Therefore, the functional class is not included in the final model. 
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Table 8 
GEE Negative Binomial Models with and without Major Roadway Functional Class 
 
GEE Model With  
Pavement Surface Type 
GEE Model Without  


































Exclusive right-turn lanes     










Less than 2 approaches have exclusive right-turn 
lanes 0 0 0 0 
Pavement surface type     
Asphalt Concrete (AC) -0.4434 (0.2606) 
-0.4628 
(0.2542) - - 
Portland Cement Concrete (PCC) 0 0 - - 
Left-turn protected     

















No left-turn protected approaches 0 0 0  










Location Type     








Suburban with population less than 2,500 0 0 0  
Major Roadway Functional Class     
Local road - -0.0048 (0.1682) - 
-0.0031 
(0.1678)
Minor arterial - -1.1678 (0.5196) - 
-1.1215 
(0.5158)
Primary arterial - 0 - 0 
Dispersion parameter 1.1875 1.1748 1.1696 1.1547 
Summary Statistics     
Number of intersections (Number of Clusters) 208 208 208 208 
Number of continuous years (Cluster Size) 3 3 3 3 
Maximum Absolute Value 5.4954 5.9049 5.6037 6.2554 
Pr>MaxAbsVal 0.8578 0.7858 0.8655 0.7705 
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2.5 Summary and Conclusion 
Negative Binomial regression is a common tool for modeling crash frequencies at 
signalized intersections. The necessary assumption for Negative Binomial is that the dependent 
variables are independent. The panel data have the cross-section and time series data structure. 
The error structures become a mixture of random between-site errors and highly correlated 
within-site errors. Failure to incorporate correlation of responses can lead to incorrect estimation 
of regression model parameters, particularly when such correlation is large. This study is an 
empirical inquiry of the temporal correlation among the 3-year crash data for 208 four-legged 
signalized intersections in the Central Florida area. 
In this paper, GEE models with Negative Binomial link function for four different 
correlation structures (independent, exchangeable, autoregressive, and unstructured) were fitted 
based on the 3-year crash data. The independent correlation structure assumes that 3-year 
repeated observations for an intersection are independent; therefore, if there is no temporal 
correlation among the longitudinal crash data, the GEE model with an independent correlation 
structure should be the best model. However, the Cumulative Residuals test shows that the GEE 
model with an autoregression structure is the best model with the highest p-value of 0.8655. The 
autoregression structure assumes that the correlations between the multiple observations for a 
certain intersection will decrease as the time-gap increase. The conclusion that the GEE 
autoregression model is better for the data is consistent with the theory that autoregression 
structure is specifically appropriate for time-dependent correlation data structures (Ballinger, 
2004). 
The GEE models with different working correlation structures (independent, 
exchangeable, autoregressive, and unstructured) have different estimates and statistical 
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inferences. The use of basic models for such panel data may produce biased estimators and 
invalid test statistics. One example is the safety effect of the exclusive right-turn lanes. This 
factor is significant in the traditional Negative Binomial model (p-value =0.0301 for type III 
analysis in the Negative Binomial regression model), but it is marginally significant in the GEE 
models (p-value =0.1237 for type III analysis in the GEE model with autoregression structure). 
At intersections, ADT has high degree of correlations with most other variables, 
especially with total number of lanes. The use of ADTPL (traffic volumes per lane for the entire 
intersection) will mitigate the correlation between traffic volumes and almost all other variables. 
Instead of using total entering ADT or separate ADTs on major and minor roads as in previous 
studies, this study used the Cumulative Residuals method to check the functional forms of traffic 
flow and found that ADTPL is the best representation of traffic volume at the intersection. Since 
the left-turn protection has varying safety effect, it is better to use two dummy variables for left-
turn protection rather than one continuous variable (number of phases per cycle) or whether left-
turn is protected dummy variable as in previous studies. 
The safety effect of pavement surface type was tested and found that the intersections 
with Asphaltic Concrete surface had lesser crashes than the intersections with Portland Cement 
Concrete surface. Since the surface features in the field are numerous (e.g., different types of 
Asphaltic Concrete surfaces, different types of Portland Cement Concrete surfaces, different 
surface conditions, wearing friction course or not), using only pavement surface type as an 
indicator is not enough to represent the distinctions between Asphaltic Concrete surface and 
Portland Cement Concrete surface. Including this variable cannot improve the model 
performance; therefore, pavement surface type is not included in the model. However, further 
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CHAPTER 3:  
CRASH ESTIMATION AT SIGNALIZED INTERSECTIONS ALONG 
CORRIDORS: ANALYZING SPATIAL EFFECT AND IDENTIFYING 
SIGNIFICANT FACTORS 
Intersections could be considered as isolated when the distance between them is long, 
since in that case the influence between them is negligible; signalized intersections, especially 
for those closer ones along a certain corridor, are spatially correlated and will influence each 
other in many aspects. Using the basic Negative Binomial regression for correlated crash 
frequency data leads to invalid statistical inference due to incorrect test statistics and standard 
errors based on the misspecified variance. Generalized Estimating Equations (GEE) provide an 
extension of generalized linear models to the analysis of correlated data, which can account for 
the spatial correlation among signalized intersections. In this study, a total number of 476 
signalized intersections from 41 corridors are selected in Orange, Brevard, and Miami-Dade 
counties in the state of Florida. Since the distance between some intersections along some 
corridors is very long, intersections along 41 corridors are divided into 116 clusters. The spatially 
correlated crash frequency data are fitted using GEE models with Negative Binomial link 
function for three different correlation structures. 
 
3.1 Introduction 
Corridors play a prominent role in the moving of people and goods between major points 
in both urban and rural areas. Signalized intersections are the most complex locations along 
corridors, and they are vital to efficiency and safety of corridors. The signalized intersections 
along a certain corridor will affect each other in the following aspects especially for those nearest 
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ones. Corridors usually serve relatively long trips between major points, and several adjacent 
signalized intersections along a certain corridor will share a high percentage of the same traffic; 
signals within 0.5 mile of each other along a corridor would be coordinated in most 
circumstances (FHWA, 2004), and this coordination in signals will promote platooning of 
vehicles crossing intersections; and adjacent intersections along a corridor probably have similar 
types of land use and roadway design. In order to improve both the safety as well as operation of 
these transportation systems, there is a need to look at the spatial relationship for signalized 
intersections along a corridor rather than treat each intersection as an isolated entity.  
Crash frequencies at intersections are count data, which are nonnegative, integer-valued 
outcomes. Count data models are important tools for crash frequency analysis and can be used to 
develop a statistical relationship between crash frequency and intersection features. Since the 
vehicle crash data are found to be significantly overdispersed relative to its mean, using the 
Poisson regression models may overstate or understate the likelihood of vehicle crashes on the 
road (Maher and Summersgill, 1996). For crash data where intersections could be considered as 
isolated, the Negative Binomial regression posses most of the desirable statistical properties in 
describing adequately random, discrete, nonnegative, significantly overdispersed, and typically 
sporadic vehicle crash events at signalized intersections (Chin and Quddus, 2003). However, the 
use of Negative Binomial for the spatially correlated data would lead to invalid statistical 
inference due to incorrect reported test statistics and standard errors based on the misspecified 
variance (Lord and Persaud, 2000). 
Most of the safety studies at signalized intersections treated intersections as isolated 
entities. Greibe (2003) concluded that traffic flow is the most powerful variable for intersection 
crash prediction. Other researchers found that intersection geometric design features (i.e. number 
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of through lanes, right-turn lanes, left-turn lanes, etc.) and traffic control and operational features 
(i.e. signal phase, speed limit, etc) are also important (Chin and Quddus, 2003; Maher and 
Summersgill, 1996). 
The improvement of both safety and operation of signalized intersections along corridors 
are a major concern for many studies. It is widely accepted that the spatial effect is important to 
the improvement of safety at signalized intersections along corridors, and a variety of treatments 
have been proposed in corridor-level, such as access management, median treatments, and signal 
coordination (Antonucci et al., 2005; FHWA, 2004); however, the spatial relationship among 
intersections along corridors has not been explored in the safety literature. This study explores 
the spatial correlation among signalized intersections along corridors using theoretically valid 
methods. 
Generalized Estimating Equations (GEE) provide an extension of generalized linear 
models (GLMs) to the analysis of longitudinal/clustered data, which accounts for the correlation 
among the observations for a given subject/cluster. GEE comes from specifying a known 
function of the marginal expectation of the dependent variable as a linear function of covariates; 
and assuming that the variance is a known function of the mean; in addition, specifying a 
“working” correlation matrix for the observations for each intersection cluster (Liang and Zeger, 
1986; Zeger and Liang, 1986). Wu (1998) proved that the GEE is a robust modeling method for 
spatially correlated data.  
The objectives of this study are to develop a statistically valid model to analyze the 
spatial effect among signalized intersections along corridors and to identify variables which 
significantly influence crash frequencies at signalized intersections. This study models crash 
frequency for the spatially clustered signalized intersections along corridors using GEE with 
49 
Negative Binomial link function. Three different correlation structures, independent, 
exchangeable, and autoregressive, suggested by Liang and Zeger (1986) are explored for spatial 




3.2 Data Preparation 
In order to perform intersection safety and spatial analysis, one needs to select a variety 
of corridors as well as signalized intersections possessing different geometric and traffic 
characteristics. Geographic information system (GIS) is a powerful tool to visualize and explore 
spatial data and is used extensively in this study in corridor and signalized intersection selection 
and intersection sequence identification. Some corridor-wide features like the design aspects of 
access points near intersections are retrieved using software that combines satellite imagery and 
road maps. 
 
3.2.1 Corridor Identification 
A total number of 476 signalized intersections along 41 principle and minor arterials are 
selected from three counties in the state of Florida: Orange, Brevard, and Miami-Dade Counties. 
Most of the selected arterials are state roads and/or multilane highways with high speed limits 
and which serve relatively long trips between major points. The approach names for each 
intersection are included in the data set, and the intersections can be easily classified into certain 
corridors based on their major roadway names. 
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Since this study aims at exploring the spatial correlation among the intersections, the 
sequence of intersections along the corridor is important and needs to be identified. To identify 
the sequence of 476 intersections is time-consuming unless some automatic techniques are used. 
The geocode procedure in ArcGIS is used to locate intersections on a GIS base map. This 
procedure requires a reference dataset that contains address attributes for the geographic features 
in the area of interest (Crosier et al., 2004). In this analysis, TIGER is the road network file 
downloaded from the Florida Geographic Data Library (FGDL). Intersections are stored in 
another dataset. Then the GIS geocode procedure is used to match these two files and locate the 
intersections on the base map. The road network and geocoded intersections for three counties 
are presented in Figure 5, Figure 6, and Figure 7; the gray lines represent the road networks, and 
the dark points show the selected intersections. The x-y coordinates of each intersection are 
generated from the GIS maps, and then the sequence of intersections is identified by sorting 
according to the coordinates which have the greater difference. For example, if the direction of a 
corridor is east-west, its x coordinates should be sorted. At this step, the sequences for all 476 












Figure 7: Road Networks and Geocoded Signalized Intersections for Miami-Dade County 
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3.2.2 Intersection Cluster Analysis 
Since the distance between some intersections along some corridors is very long and the 
number of intersections along certain corridors is extremely large, e.g. US 1 in Miami-Dade has 
36 signalized intersections selected (see Figure 7 and Table 9), it is reasonable to divide them 
into sub-clusters in which intersections group together. The SAS MODECLUS procedure can 
place intersections along a corridor into several groups using algorithms based on nonparametric 
density estimates (SAS Institute Inc., 2004). In this analysis, the SAS MODECLUS procedure is 
used to divide intersections along a certain corridor into sub-groups. The distance between 
intersections is considered for grouping the intersections. The input data are x-y coordinates for 
each intersection generated from the GIS map. The MODECLUS procedure begins with each 
intersection in a separate cluster. For each intersection, then find the nearest intersection with a 
greater estimated density. Compute an approximate p-value for each cluster by comparing the 
estimated maximum density in the cluster with the estimated maximum density on the cluster 
boundary. The least significant cluster is joined with a neighboring cluster repeatedly until all 
remaining clusters are significant. 
The important difference between the MODECLUS procedure and many other clustering 
methods is that it does not fix the number of clusters for each corridor. For example, the 
aforementioned corridor US 1 has 36 sampled intersections (dark points in Figure 8). The 
intersections are divided into 7 clusters by using MODECLUS procedure. The number of 
intersections within each cluster is 1, 4, 13, 10, 2, 5, and 1 respectively as shown in Figure 8. The 
same procedure is used for all other corridors and the results are verified using the GIS map. 
Table 9 summarizes the results of the cluster analysis for 476 signalized intersections along 41 
corridors. The number of clusters per corridor varies from 1 to 7. The number of intersections in 
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clusters varies from 1 to 13; the data are unbalanced. Intersections within a cluster are spatially 
correlated, and intersections from different clusters are assumed to be statistically independent. 
 
 
Figure 8: Intersection Cluster Analysis for Corridor US 1 in Miami-Dade County 
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Table 9 
Summary of Cluster Analysis for Signalized Intersections along Corridors 
 
Intersections Per Cluster Cluster Size 
County No. Corridors 
1 2 3 4 5 6 7 
Number 
of 
Clusters Max. Min. 
Number of  
Intersections  
along Corridors 
1 W. Colonial Dr (SR-50) 8 5 5 1 - - - 4 8 1 19 
2 E. Colonial Dr (SR-50) 6 3 4 2 - - - 4 6 2 15 
3 John Young Pkwy  (SR-423) 8 1 3 2 1 - - 5 8 1 15 
4 Old Winter Garden Rd  (SR-535) 7 3 - - - - - 2 7 3 10 
5 Silver Star Rd (SR-438) 2 1 10 1 - - - 4 10 1 14 
6 Orange Blossom Tr  (US-441) 6 6 9 3 3 2 - 6 9 2 29 
7 University Blvd  (CR-436A) 3 2 2 1 1 - - 5 3 1 9 
8 Conroy-Windermere Rd  (CR-439) 5 - - - - - - 1 5 5 5 
9 Oak ridge Rd (CR-506) 2 2 1 2 - - - 4 2 1 7 
10 Sand Lake Rd (SR-482) 6 3 3 - - - - 3 6 3 12 
11 Lake Underhill Rd  (CR-526) 4 1 2 - - - - 3 4 1 7 
12 Clarcona Ocoee Rd  (CR-439) 1 1 5 2 - - - 4 5 1 9 
13 Lee Rd (SR-423) 4 - - - - - - 1 4 4 4 
14 Alafaya Tr (SR-434) 5 6 - - - - - 2 6 5 11 
15 Orange Ave (SR-527) 1 5 2 - - - - 3 5 1 8 
16 Semoran Blvd (SR-436) 6 2 - - - - - 2 6 2 8 
17 Forest City Rd (SR-434) 4 - - - - - - 1 4 4 4 
18 International Dr 7 1 - - - - - 2 7 1 8 
19 Pine Hills Rd (CR-431) 1 5 - - - - - 2 5 1 6 
20 Rio Grande Ave 5 - - - - - - 1 5 5 5 
21 Apopka Vineland Rd  (SR-535) 1 2 2 1 2 1 - 6 2 1 9 









23 Edgewater Dr (SR-424) 4 - - - - - - 1 4 4 4 













Summary of Cluster Analysis for Signalized Intersections along Corridors (continued) 
 
Intersections Per Cluster Cluster Size 
County No. Corridors 
1 2 3 4 5 6 7 
Number 
of 
Clusters Max. Min. 
Number of  
Intersections  
along Corridors 
26 4TH AV/Red Rd (SR-823) 6 8 - - - - - 2 8 6 14 
27 Alton Rd (SR-907) 4 6 1 - - - - 3 6 1 11 
28 Bird Rd (SR-976) 11 1 6 - - - - 3 11 1 18 
29 Collins AV (SR-A1A) 6 1 9 9 2 9 7 7 9 1 43 
30 Flagler ST (SR-968) 8 7 2 - - - - 3 8 2 17 
31 Miami Gardens Dr (SR-860) 9 - - - - - - 1 9 9 9 
32 NE 6 AV (SR-915) 8 - - - - - - 1 8 8 8 
33 NW 103 ST (SR-932) 3 7 - - - - - 2 7 3 10 
34 NW 12 AV (SR-933) 6 - - - - - - 1 6 6 6 
35 NW 2 AV (SR-7/US-441) 6 - - - - - - 1 6 6 6 
36 NW 54 ST (SR-944) 4 - - - - - - 1 4 4 4 
37 NW 7 AV (SR-7/US-441) 1 8 4 - - - - 3 8 1 13 
38 SW 8 ST (SR-90/US-41) 4 6 1 8 - - - 4 8 1 19 
39 US-1/SR-5 1 4 13 10 2 5 1 7 13 1 36 







41 NW 135 ST (SR-916) 2 4 - - - - - 2 4 2 6 
Total - - - - - - - 116 - - 476 
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3.2.3 Corridor-Level Variables: Access Point and Signal Spacing 
Design and management of access is a key issue in corridor safety. The design aspects of 
access points near an intersection could be represented by the number of access points and the 
distribution of access points within the functional area of intersections. This study will test the 
safety effect of some design aspects of access points to the signalized intersections. The number 
of access points within the 300-ft and the 500-ft boundaries of a signalized intersection and the 
distance of the nearest access point to the stop line on each approach are retrieved manually by 
using the software Google Earth (Google Inc., 2005), which puts high-resolution aerial and 
satellite imagery and other geographic information on the desktop; thereby searching and 
viewing the imagery for a specific intersection are easy. 
The closely spaced signalized intersections along corridors could influence each other in 
operation as well as in safety. Using the software Google Earth, the upstream and downstream 
signal spacing (segment length) for each intersection is measured. The average signal spacing is 
1805 feet. 
 
3.2.4 Crash and Intersection Related Data 
Crashes that occurred at the intersections for two years (1999 and 2000) were collected 
by retrieving the Crash Analysis Reporting (CAR) system for 386 state road intersections (at 
least one intersecting roadway is a state road) and by using the county maintained crash database 
for 90 county road intersections. Crashes considered in this analysis were ones occurring within 
250 feet of the intersection milepost and labeled ‘at intersection’ or ‘influenced by intersection’ 
for crash site location. 
59 
The traffic characteristics in the study period for Orange and Brevard Counties were 
downloaded from the county traffic reports posted on their website. For Miami-Dade County, 
they were extracted from the FTI2003 CD-ROM from FDOT. Traffic characteristics for 
intersections included entering traffic flows for each approach. The sum of traffic volumes on 
each approach is the total entering ADT for the intersection. Dividing the total entering ADT by 
the total number of lanes (including through, left-turn and right-turn lanes) is ADT per lane 
(ADTPL), which is an indicator of intensity of traffic at the intersection. 
Intersection geometric design features and traffic control and operational features in the 
study period were extracted from the intersection traffic planning and design diagrams provided 
by the three counties. Hundreds of drawings were then individually examined and identified. The 
geometric design features of the intersection include: number of through, left, and right lanes for 
each approach; the presence of exclusive turn lanes at each approach; and the presence of a 
median at each approach. The traffic control and operational features include: speed limit for 
each approach and signal timing. 
Intersection location type is included in the standard crash report and so it becomes 
available for intersections with crashes. However, there are 57 intersections without crashes 
occurring during the study period. In such cases, this variable is obtained by accessing the FDOT 
Roadway Characteristics Inventory (RCI) database. The location type has three categories: 
primarily business, primarily residential, and open country. A summary statistics of variables is 
presented in Table 10 and Table 11 for continuous and categorical variables, respectively.  
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Table 10 
Descriptive Statistics for Continuous Variables 
 
Continuous Variables Mean Std Dev Minimum Maximum 
Total number of crashes for two years  
at intersection 18.3 18.4 0 139 
Total number of lanes on major roadway 6.7 1.9 3 12 
Total number of lanes on minor roadway 4.9 1.8 2 12 
Size of intersection: Total number of lanes  
for entire intersection 11.6 3.3 5 24 
Total number of right-turn lanes on major roadway 0.5 0.7 0 2 
Total number of right-turn lanes on minor roadway 0.4 0.7 0 2 
Distance to the nearest access point for major roadway  
at the intersection (ft) 233.1 316.7 17 2960 
Total number of access points at intersection  
within 300 ft boundary 4.2 2.9 0 15 
Total number of access points at intersection  
within 500 ft boundary 7.7 4.6 0 24 
Logarithm of distance to the nearest signalized intersection  
along corridor 6.7 0.9 4.1 9.7 
Logarithm of distance to the further side  
signalized intersection along corridor 7.3 0.9 5.0 10.2 
ADT: Total entering ADT for entire intersection  
(103 Veh/day) 57.6 24.7 5.1 163.2 
LogADTPL: Logarithm of total entering ADT Per Lane 8.5 0.4 6.2 9.3 
Speed limit on corridor near intersection (mph) 40.6 6.4 25 55 
Total number of left-turn lanes on major roadway 1.9 0.7 0 4 




Descriptive Statistics for Category Variables 
 
Category Variable Levels Number of Intersections 
Percent of 
Intersections 
Orange County 222 46.64 
Brevard County 29 6.09 County 
Miami-Dade County 225 47.27 
4-legged 381 80.04 
Intersection configuration 
3-legged 95 19.96 
At least one approach has  
exclusive right-turn lane 195 40.97 Exclusive Right-turn lanes on  
Major Roadway 
No exclusive right-turn lane 281 59.03 
At least one approach has  
exclusive right-turn lane 151 31.72 Exclusive Right-turn lanes on  
Minor Roadway 
No exclusive right-turn lane 325 68.28 
Primarily Business 350 73.53 
Primarily Residential 66 13.87 Location type 
Open country 60 12.61 
At least one approach has  
protected left-turn lanes 413 86.76 Left-turn protection on Major  
Roadway 
No protected left-turn lanes 63 13.24 
At least one approach has  
protected left-turn lanes 333 69.96 Left-turn protection on Minor  
Roadway 
No protected left-turn lanes 143 30.04 
Having medians 332 69.75 Presence of medians on Major  
Roadway No medians 144 30.25 
Having medians 177 37.18 Presence of medians on Minor  




Generalized Estimating Equations (GEE) provides an extension of generalized linear 
models (GLMs) to the analysis of clustered data, which accounts for the spatial correlation 
among the intersections for a given cluster. For this analysis, the number of intersections per 
cluster varies and the data are unbalanced. One of the main advantages of the GEE method is that 
it addresses the possibility of unbalanced data (SAS Institute Inc., 2004). The methods of 
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modeling correlation in GEE and choosing the working correlation structures have been 
described in the Chapter 2. Since this study is for the different data and to account for the spatial 
correlation, an introduction of the notation of the formulas and different correlation structures are 
provided, followed by the introduction of the marginal R-square statistics to assess the model. 
 
3.3.1 Modeling Correlation in GEE 
Suppose the two-year crash frequency for cluster i  at intersection j  is ijy , for 
1, 2, ...,i K=  and 1, 2, ..., ij n= . Define K  as the total number of clusters, and in  is the number of 






 total intersections. Let the vector of crash frequency for 
the ith cluster be ( )′=
iinii
yyY ,,1 L  with corresponding means ( )′= iinii μμμ ,,1 L  and iV  is an 
estimator of the covariance matrix of iY . The covariate matrix of iY  is specified as the estimator 
( )1 12 2i i i iV A R Aφ α= , where iA  is a ii nn ×  diagonal matrix with ( )ijv μ  as the jth diagonal element. iV  
may differ from one cluster to another, but generally is to be specified similar for all clusters. 
( )iR α  is a ii nn ×  working correlation matrix that is fully specified by the vector of parameters α . 
For spatial correlated data, the independence correlation matrix assumes that crash 
frequencies at different intersections within a cluster are independent. In this case, the working 
correlation is not estimated, and the GEE estimates are the same as regular GLM. However, their 
standard errors are different because the GEE method still accounts for that correlation by 
operating at the cluster level. The exchangeable working correlation makes constant the 
correlations between any two observations within a cluster. Autoregressive (AR-1) weighs the 
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correlation between any two intersections within a cluster by their separated spatial-gap. As the 
spacing increases, the correlation decreases. 
The estimation of the working correlation structures for unbalanced data can use the all 
available pairs method (SAS Institute Inc., 2004), in which all non-missing pairs of data are used 
in the moment estimators of the working correlation parameters. 
 
3.3.2 GEE model Assessment: Marginal R-square 
The GEE estimates are obtained when a quasi-likelihood technique is used; therefore, 
the goodness-of-fit tests for the traditional negative binomial regression are not valid for a GEE 
negative binomial. Zheng (2000) introduced a simple extension of R-square statistics for GEE 






























1         (6) 
where ijy  is the marginal mean across all the intersections. The marginal R-square is interpreted 
as the amount of variance in the response variable that is explained by the fitted model. 
 
 
3.4 Modeling Spatially Correlated Crash Frequencies 
Intersections within a cluster are assumed to be spatially correlated, and intersections 
from different clusters are assumed to be statistically independent. The Generalized Estimating 
Equations (GEE) with a Negative Binomial link function for the crash frequency per intersection 
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with the three correlation structures were fitted using SAS GENMOD procedure. The marginal 
R-square statistics were calculated for the GEE models. Associated spatial correlation structures 
for GEE models were estimated, and type III analyses for the Negative Binomial regression and 
the three GEE models were performed. 
 
3.4.1 Estimation Results and Spatial Correlation 
As an initial study, the Poisson and Negative Binomial regression models were fitted 
using maximum likelihood estimation (MLE) as shown in Table 12. There is a strong evidence 
of overdispersion, which is indicated by the significant estimated dispersion value 0.6245 in the  
Negative Binomial regression. The overdispersion causes the standard errors of the Poisson 
regression model to be underestimated. 
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Table 12 
Poisson and Negative Binomial Models Using MLE 
 
Poisson Negative Binomial 







Intercept -1.5398 0.2814 29.94     (<.0001) -1.4352 0.9099 
2.49     
(0.1147) 
Logarithm of Total Entering ADT 
Per Lane (LogADTPL) 0.4639 0.0331 
196.23     
(<.0001) 0.4774 0.1099 
18.88     
(<.0001) 
Size of Intersection 
(Total number of lanes) 0.1298 0.0047 
749.68     
(<.0001) 0.1346 0.0193 
48.71     
(<.0001) 
Intersection Configuration       
3-legged -0.3341 0.0371 80.89     (<.0001) -0.325 0.1204 
7.29     
(0.0069) 
4-legged 0 0 - 0 0 - 
Exclusive Right-turn Lanes on Major 
Roadway       
At least one approach has 
exclusive right- turn lane -0.202 0.0326 
38.31     
(<.0001) -0.2694 0.1156 
5.43     
(0.0198) 
No exclusive right-turn lane 0 0 - 0 0 - 
Exclusive Right-turn Lanes on Minor 
Roadway       
At least one approach has 
exclusive right-turn lane -0.2966 0.0305 
94.25     
(<.0001) -0.2766 0.106 
6.81     
(0.0091) 
No exclusive right-turn lane 0 0 - 0 0 - 
Left-turn Protection on Major       
At least one approach has 
protected left-turn lanes -0.0806 0.0429 
3.53     
(0.0603) -0.1649 0.1452 
1.29     
(0.2561) 
No protected left-turn lanes 0 0 - 0 0 - 
Left-turn Protection on Minor       
At least one approach has 
protected left-turn lanes 0.1551 0.0323 
23.01     
(<.0001) 0.2102 0.1078 
3.8     
(0.0513) 
No protected left-turn lanes 0 0 - 0 0 - 
Speed Limit on Corridor Near 
Intersection (mph) 0.0176 0.0023 
58.5     
(<.0001) 0.0234 0.0088 
7.13     
(0.0076) 
Logarithm of Distance to the Nearest 
Signalized Intersection Along 
Corridor 
-0.1887 0.0163 134.25     (<.0001) -0.1996 0.0569 
12.32     
(0.0004) 
Intersection Location Types       
Open County -0.5285 0.1814 8.49     (0.0036) -0.8943 0.5113 
3.06     
(0.0803) 
Primarily Residential -0.2752 0.0386 50.95     (<.0001) -0.3125 0.1187 
6.93     
(0.0085) 
Primarily Business 0 0 - 0 0 - 
Scale 1 0 - 0.6245 0.0499 - 
       
Summary Statistics       
Number of intersections 476   476   
Assessing Goodness-Of-Fit       
Deviance/DF 10.1671   1.2334   
Pearson Chi-Square/DF 10.5916   0.9259   
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The GEE models with Negative Binomial link function were fitted for three correlation 
structures (independent, exchangeable, and autoregression) and the associated standard errors are 
reported in Table 13. The estimated coefficients for Negative Binomial and GEE Negative 
Binomial with independent working correlation matrix are exactly the same as expected, while 
the standard errors are different since GEE method still account for that correlation by operating 
at the cluster level. The estimated coefficients and standard errors for the Negative Binomial 
regression and the GEE models with exchangeable and autoregression correlation structures are 
different. For example, the left-turn protection on major roadway is not significant in the 
Negative Binomial  (p-value = 0.2561), while it is significant in the GEE models with the 
exchangeable or autoregression structures (p-value < 0.10). Based on the misspecified variance, 
the reported test statistics and standard errors for the Negative Binomial are not valid for the 
correlated data. The three correlation structures have produced different coefficients and standard 
errors, which show the effect of different correlation structures in the analysis.  
The estimated working correlation structures are presented in Table 14. The correlation 
structures are symmetric. Since the cluster size varies from 1 to 13, the dimension of the 
correlation matrix is 13 with one in each diagonal position. The correlation estimated by 
exchangeable structure is 0.2474. The autoregression structure has a maximum correlation of 
0.3054 for any two successive intersections along a corridor; the correlation between 
intersections decreases as the spacing between intersections increases, and it reduces to zero after 
9 intersections (although it is reduced significantly after 4 intersections). 
The marginal R-square statistics are reported in Table 13. The GEE model with 
autoregression structure has a higher marginal R-square value (0.391), which indicates that the 
autoregression structure could be the appropriate structure for spatial correlation. Ballinger 
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(2004) suggests that the decisions about the correlation structures should be guided first by 
theory. For the spatial correlation of signalized intersections along corridors, as the spacing 
between intersections increases, it is reasonable to assume the correlation between them 
decreases, which is consistent with the autoregression approach. 
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Table 13 
GEE Negative Binomial Models with Three Different Correlation Structures 
 
Independent Exchangeable Autoregression (AR-1)
Parameter 


















Size of Intersection 







Intersection Configuration       





4-legged 0 0 0 0 0 0 
Exclusive Right-turn Lanes on Major Roadway       
At least one approach has exclusive right- 







No exclusive right-turn lane 0 0 0 0 0 0 
Exclusive Right-turn Lanes on Minor Roadway       
At least one approach has exclusive right-







No exclusive right-turn lane 0 0 0 0 0 0 
Left-turn Protection on Major Roadway       
At least one approach has protected left-







No protected left-turn lanes 0 0 0 0 0 0 
Left-turn Protection on Minor Roadway       
At least one approach has protected left-







No protected left-turn lanes 0 0 0 0 0 0 








Logarithm of Distance to the Nearest 







Intersection Location Types       










Primarily Business 0 0 0 0 0 0 
Scale 0.9623  0.9759  0.9479  
Summary Statistics  
Number of corridors 41 41 41 
Number of intersections 476 476 476 
Number of clusters 116 116 116 
Minimum cluster size / Maximum cluster size 1/13 1/13 1/13 
Sum of initial crashes 8731 8731 8731 
Marginal R-square statistics 0.375 0.381 0.391 
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Table 14 
The Estimated Working Correlation Structures. 
 
 Independent Correlation Structure 
Intersection # 1 2 3 4 5 6 7 8 9 10 11 12 13 
1 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
2 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
3 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
4 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
5 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
6 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
7 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
8 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000
9 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000
10 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000
11 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000
12 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000
13 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000
 Exchangeable Correlation Structure 
1 1.0000 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474
2 0.2474 1.0000 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474
3 0.2474 0.2474 1.0000 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474
4 0.2474 0.2474 0.2474 1.0000 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474
5 0.2474 0.2474 0.2474 0.2474 1.0000 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474
6 0.2474 0.2474 0.2474 0.2474 0.2474 1.0000 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474
7 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 1.0000 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474
8 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 1.0000 0.2474 0.2474 0.2474 0.2474 0.2474
9 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 1.0000 0.2474 0.2474 0.2474 0.2474
10 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 1.0000 0.2474 0.2474 0.2474
11 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 1.0000 0.2474 0.2474
12 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 1.0000 0.2474
13 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 0.2474 1.0000
 Autoregression Correlation Structure (AR-1) 
1 1.0000 0.3054 0.0933 0.0285 0.0087 0.0027 0.0008 0.0002 0.0001 0.0000 0.0000 0.0000 0.0000
2 0.3054 1.0000 0.3054 0.0933 0.0285 0.0087 0.0027 0.0008 0.0002 0.0001 0.0000 0.0000 0.0000
3 0.0933 0.3054 1.0000 0.3054 0.0933 0.0285 0.0087 0.0027 0.0008 0.0002 0.0001 0.0000 0.0000
4 0.0285 0.0933 0.3054 1.0000 0.3054 0.0933 0.0285 0.0087 0.0027 0.0008 0.0002 0.0001 0.0000
5 0.0087 0.0285 0.0933 0.3054 1.0000 0.3054 0.0933 0.0285 0.0087 0.0027 0.0008 0.0002 0.0001
6 0.0027 0.0087 0.0285 0.0933 0.3054 1.0000 0.3054 0.0933 0.0285 0.0087 0.0027 0.0008 0.0002
7 0.0008 0.0027 0.0087 0.0285 0.0933 0.3054 1.0000 0.3054 0.0933 0.0285 0.0087 0.0027 0.0008
8 0.0002 0.0008 0.0027 0.0087 0.0285 0.0933 0.3054 1.0000 0.3054 0.0933 0.0285 0.0087 0.0027
9 0.0001 0.0002 0.0008 0.0027 0.0087 0.0285 0.0933 0.3054 1.0000 0.3054 0.0933 0.0285 0.0087
10 0.0000 0.0001 0.0002 0.0008 0.0027 0.0087 0.0285 0.0933 0.3054 1.0000 0.3054 0.0933 0.0285
11 0.0000 0.0000 0.0001 0.0002 0.0008 0.0027 0.0087 0.0285 0.0933 0.3054 1.0000 0.3054 0.0933
12 0.0000 0.0000 0.0000 0.0001 0.0002 0.0008 0.0027 0.0087 0.0285 0.0933 0.3054 1.0000 0.3054
13 0.0000 0.0000 0.0000 0.0000 0.0001 0.0002 0.0008 0.0027 0.0087 0.0285 0.0933 0.3054 1.0000
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3.4.2 Significance of Variables in the Model 
The significant variables included in the GEE models can be classified into 5 types: 
intersection geometric design features, traffic characteristics, traffic control and operational 
features, corridor-level variable, and location type. The interpretation of the variables is 
described in the following. 
Among intersection geometric design features, the size of the intersection, the number of 
legs, and the presence of exclusive right-turn lanes on both roadways are significant to crash 
occurrence at intersections. The size of the intersection is represented by the total number of 
lanes for all approaches. Its p-value is less than 0.0001 in the GEE models. Porter and England 
(2000) concluded that more red light running tended to occur at intersections with more lanes in 
both roads, which could imply that the risk of a crash at larger intersections is higher. The 
essential difference between 3-legged intersections and 4-legged intersections is that 3-legged 
intersections have fewer vehicle conflict points than that for 4-legged intersections. Generally 3-
legged intersections tend to exhibit lower crash rates than 4-legged intersections. Right-turning 
traffic can have an adverse effect on intersection safety. Installation of right-turn lanes on major 
and minor roadways would be expected to reduce total intersection crash occurrence 
significantly. 
Traffic volume is the most significant variable affecting intersection safety. This 
conclusion has been proven by many studies (Chin and Quddus, 2003; Greibe, 2003; Maher and 
Summersgill, 1996). In this study, the log of ADT per lane (logADTPL) was used and it proven 
to be highly significant indicated by the small p-value in the GEE models (0.0012 in the model 
with the autoregression structure). Traffic volume is just the quantity of vehicles crossing the 
intersection, while the ADT per lane is an indicator of the intensity of vehicles at the intersection. 
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An increase in ADT per lane will reduce the average vehicle spacing, which can be directly 
related to the density of the vehicles at the intersections. The increase of vehicle density would 
lead to more crashes. 
The speed limit along a corridor is found to be a significant variable among traffic control 
and operational features (p-value = 0.016 in the GEE model with the autoregression structure). It 
is rational to assume that the risk and severity of accidents on an intersection approach increases 
as the speed limit on the corridor increases. High speed limits with coordinated signals along a 
corridor may induce more speeding vehicles.  
The left-turn protection is found to be significant to affect safety at intersections. 
Signalized intersections, where a corridor connects with local roads or intersects with other 
arterials, usually have a high amount of through traffic down the corridor with high speed. 
Crashes may occur when left-turning drivers become impatient and accept a gap that is smaller 
than needed to complete a safe maneuver (FHWA, 2004). Protection of left-turning traffic from 
opposing through traffic on a corridor at intersections will reduce the crashes, which is indicated 
by a negative sign for the factor of having at least one approach protected on major road. 
However, the left-turn protection on minor roadway is associated with higher crashes indicated 
by the positive coefficient 0.2161 in the GEE model with the autoregression structure. The 
reason might be that the more approaches with left-turn protection determine the larger number 
of phases per cycle. Chin and Quddus (2003) also found that increasing the number of phases 
would increase the risk of crash occurrence. The safety advantage of traffic signal control is to 
reduce the frequency and severity of certain types of crashes, e.g. right-angle, turning and 
pedestrian/bicycle, which tend to be severe; while the disadvantage is that left-turn protection 
might cause an increase in rear-end crashes, which tend to be non severe (Roess et al., 2004). 
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The signal spacing and the design and management of access near intersections are 
corridor-level issues for intersection safety. For signal spacing, the average signal spacing for an 
intersection cluster, the average length of upstream and downstream segments of an intersection, 
and the distance to the nearest signals along a corridor for an intersection are included in the 
model alternatively, and the distance to the nearest signals is identified to be the most significant 
variable to effect the crash occurrence (p-value = 0.0015 in the GEE model with an 
autoregression structure). The negative sign for this factor indicates that the effect of the nearest 
signal decreases as the distance between them increases. For the design aspects of the access 
point, this study tests the number of access points within the 300-ft and the 500-ft boundaries of 
a signalized intersection and the distance of the nearest access point to the stop line on each 
approach. They are not significant and are excluded from the final model. The reason could be 
that only crashes occurring at or influenced by the intersection are included in the study. 
The location type is significant to crash occurrence. The small p-values for primarily 
residential and open county (0.0264 and 0.0989, respectively) in the GEE model with an 
autoregression structure show that intersections located in primarily business areas are associated 
with high crash frequency. This is not surprising since the traffic flow and the nearby 
environment for intersections at primarily business areas are more complex than that for 
intersections in other areas. 
In order to examine the relative significance of the explanatory variables included in the 
model, the type III analyses were performed for the GEE models with different correlation 
structures as shown in Table 15. The small p-value indicates that the effect of this variable is 
highly significant. Variables in Table 15 are sorted according to their relative significance for the 
GEE model with the autoregression structure. The results show that the size of the intersection 
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has the greatest relative effect (p-value < 0.0001) on the crash occurrence among all the 
independent variables. The total entering ADT per lane has the next relative effect on crash 
occurrence and followed by the number of legs. The exclusive right-turn lanes on major and 
minor roadways, the distance to the nearest signal and the speed limit on a corridor is highly 
significant. The left-turn protection on major roadway has a greater effect than that for left-turn 
protection on minor. The effect of location type is relatively small. This sequence of significance 
is different compared to that for the Negative Binomial regression. 
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Table 15 
Type III Analysis for Traditional and GEE Negative Binomial Models. 
 
GEE model type III analysis: Chi-Square  
(P-value) Main Variables DF 
MLE 
type III 
Analysis Independent Exchangeable Autoregression (AR-1) 
Size of Intersection 
(Total number of lanes) 1 
51.09    
(<.0001) 
24.92    
(<.0001) 




Logarithm of Total Entering ADT Per Lane  
(LogADTPL) 1 
17.14    
(<.0001) 
13.58    
(0.0002) 




Intersection Configuration  
(1 for 3-legged; 0 for 4-legged) 1 
6.98    
(0.0082) 






Exclusive Right-turn Lanes on Minor Roadway  
(1 if at least one approach has exclusive right-
turn lane; 0 otherwise) 







Exclusive Right-turn Lanes on Major Roadway  
(1 if at least one approach has exclusive right-
turn lane; 0 otherwise) 
1 3.64    (0.0565) 






Logarithm of Distance to the Nearest Signalized 
Intersection along Corridor (ft) 1 
12.1    
(0.0005) 






Speed Limit on Corridor Near Intersection 
(mph) 1 
3.86    
(0.0493) 






Left-turn Protection on Major Roadway  
(1 if at least one approach has protected left-turn 
lanes; 0 otherwise) 
1 4.9 (0.0269) 






Intersection Location Type (2 for Open County; 
1 for Primarily Residential; 0 for Primarily 
Business) 
2 9.14    (0.0104) 






Left-turn Protection on Minor Roadway  
(1 if at least one approach has protected left-turn 
lanes; 0 otherwise) 
1 1.47    (0.2252) 








3.5 Summary and Conclusions 
This study presents a modeling method accounting for the spatial correlation among 
intersections within clusters along corridors. Signalized intersections along the same corridor 
will influence each other in many aspects, especially for those closer ones; while this correlation 
has never been explored in safety literature. Negative Binomial regression has commonly been 
used to model crash frequencies at signalized intersections. For spatially correlated samples, 
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however, the use of Negative Binomial regression will lead to invalid statistical inference based 
on the misspecified variance. Generalized Estimating Equations (GEEs) provide an extension of 
generalized linear models for correlated crash frequency data. 
A massive data collection effort has been completed. A total of 476 signalized 
intersections along 41 corridors were selected from three counties in the state of Florida. Both 
GIS techniques and the software that combines satellite imagery and road maps have been used 
extensively in the data preparation. The sequences of intersections along corridors have been 
identified. Those intersections that are close to each other are classified into a cluster using 
MODECLUS procedure. The 476 signalized intersections along 41 corridors are divided into 
116 clusters. The data are unbalanced.  
The GEE models with Negative Binomial link function for different correlation structures 
were developed for intersection crash frequencies at a cluster-level. The independence 
correlation structure assumes that there is no safety effect for different intersections within a 
cluster along a certain corridor. The exchangeable correlation structure assumes that the spatial 
correlation is constant between any two intersections within a cluster. The appropriate spatial 
correlation structure might be the autoregression structure, which assumes that the spatial 
correlation between intersections along corridors decreases as spacing increases. Selecting the 
appropriate correlation structure for GEE models is complicated by the correlation within a 
cluster as well as by the unbalanced nature of the data. There are still some other correlation 
structures commonly used for correlated data, e.g., the unstructured correlation, which assumes 
different correlation between any two intersections taken at the same cluster. For unbalanced 
data, since the number of response pairs for estimating correlation is less than or equal to the 
number of regression parameters (correlation parameters and beta coefficients) especially for 
76 
clusters with the extra large size, the model with an unstructured correlation structure would not 
be easy to converge (for example, in our data set there are only two clusters with 13 
intersections, but many clusters with 8 or less intersections). 
Compared to the Negative Binomial regression, the estimated standard errors for the GEE 
models have been adjusted with the estimated correlation. The insignificant variable, the left-turn 
protection on major roadway, was found significant in the GEE models with the autoregression 
structure. Type III analysis shows the relative effects of the significant variables for the Negative 
Binomial regression and the GEE Negative Binomial are different. 
Ten significant variables are identified. The size of an intersection is the most significant 
variable, and the crash frequency increases as the number of lanes increases. The intersections 
with heavy traffic, short signal spacing and high speed limits along corridors, and large number 
of phases per cycle is correlated with high crash frequencies. The intersections having 3-legs, 
with exclusive right-turn lanes on both roadways, having a protected left-turn phase for left-
turning traffics from a corridor, and located in open county or primarily residential areas have 
lower crash frequencies. 
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CHAPTER 4:  
TEMPORAL AND SPATIAL ANALYSIS OF REAR-END CRASHES AT 
SIGNALIZED INTERSECTIONS 
Rear-end crashes are the most frequently occurring collision type at signalized 
intersections. In this chapter, the Generalized Estimating Equations with the Negative Binomial 
link function were used to model rear-end crash frequencies at signalized intersections to account 
for the temporal or spatial correlation among the data. The longitudinal data for 208 signalized 
intersections over 3 years and the spatially correlated data for 476 signalized intersections which 
are located along different corridors were used. The modeling results showed that there are high 
correlations between the longitudinal or spatially correlated rear-end crashes. Some intersection 




Rear-end crashes occur when the front of a vehicle strikes the rear of a leading vehicle. 
They are common in road networks. In the U.S., there were approximately 1.89 million rear-end 
crashes in 2004 (constitute about 30.5 percent of all police-reported crashes) resulting in 2,083 
fatal crashes and 555,000 injury crashes (National Highway Traffic Safety Administration, 
2004). Rear-end crashes are the leading crash type occurring at signalized intersections. They 
represent 40.2 percent of all reported intersection crashes based on the crash history of 1531 
signalized intersections in the state of Florida (Abdel-Aty et al., 2005b), and 42 percent in 
another study (Federal Highway Administration [FHWA], 2004). Considering most unreported 
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crashes are rear-end, the actual percentage of rear-end crashes are even higher, which means that 
rear-end crashes are a real problem at signalized intersections. 
The rear-end crashes at signalized intersections result in a huge cost to society in terms of 
death, injury, lost productivity, and property damage. From 2002, the research has been 
conduced in the state of Florida to identify the crash profiles for the major intersection types 
considering geometric design features, traffic control and operational features, and traffic 
characteristics (Abdel-Aty et al., 2005b). Including in the study are the statistics of rear-end 
crashes for the major intersection types, which could be used as reference values to assist in 
identifying intersections with high numbers of rear-end crashes. The data collected in the 
research were used to examine the crash type and the crash severity (Abdel-Aty and Keller, 
2005; Abdel-Aty et al., 2005a). The purpose of this study is to further investigate the safety 
effect of intersection related variables on rear-end crash occurrence in order to develop efficient 
countermeasures to reduce their occurrence at signalized intersections. 
Many studies have investigated rear-end crashes by considering the driver or vehicle 
related factors. From the driver’s perspective, Kostyniuk and Eby (1998) found that the action of 
the driver in the leading vehicle was the dominant contributing factor for a rear-end crash (i.e. 
the leading vehicle stopped unexpectedly or did not move when it should have). ITS Joint 
Program Office (1999) identified that driver inattention, following too close, and distraction were 
primary causes for approximately 92 percent of rear-end collisions. Singh (2003) found that there 
was an association between driver’s age and driver’s role (striking/struck) in a rear-end crash, as 
was of an association between gender of the young driver and driver’s role. 
The steering and braking performance of different types of vehicles are also critical in the 
avoidance of crashes; differences between vehicles in braking performance are responsible for 
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many rear-end crashes (Strandberg, 1998). Moreover, the size of the leading vehicle may 
influence the behavior of the following driver. Graham (2001) reported that light truck vehicles 
(LTV) make it impossible for drivers in smaller vehicles to see the traffic ahead of them. 
Therefore, driver’s visibility significantly affects the chance of being involved in a rear-end 
collision when the leading vehicle stops suddenly. Abdel-Aty and Abdelwahab (2004) found that 
driver’s visibility and inattention are the largest factors in a rear-end collision of a regular 
passenger car striking an LTV.  
However, in the above studies, only driver and vehicle factors were addressed; therefore, 
deficiencies related to roadway and traffic factors could not be identified. The specific road 
environment conditions of signalized intersections could play a significant role in rear-end 
crashes and they may contain all kinds of non-driver and non-vehicle related factors such as 
intersection geometric design features, traffic control and operational features, and traffic 
characteristics. For example, it is well accepted that installing a signal might cause an increase in 
rear-end crashes because of the cyclical stopping of the traffic stream (Roess et al., 2004). 
Therefore, some studies investigated rear-end crashes focusing on signalized intersections and 
including intersection related factors (Mitra et al., 2002; Poch and Mannering, 1996; Yan et al., 
2005). 
Yan et al. (2005) investigated certain rear-end crashes at signalized intersections (two-
vehicle involved rear-end crashes and both vehicles proceeded straight) using binary logistic 
regression models. Several intersection related factors were included (e.g. division, number of 
lanes at crash site, and speed limit). The logistic regression can investigate each crash or crash 
involvement, which is better for exploring driver, vehicle and specific crash conditions; however, 
since the dichotomy dependent variable of rear-end crash (represented by “1”) versus other crash 
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(represented by “0”) was used, the modeling results should be interpreted carefully as rear-end 
crashes compares to other crashes. 
The frequency model, which can model the number of rear-end crashes on intersection 
related factors is better for examining the safety effect of intersection related factors. Poch and 
Mannering (1996) fitted a rear-end crash frequency model at the approach level (4 observations 
per intersection per year) for 63 four-legged intersections (including signalized and unsignalized 
intersections) over 7 years (1987-1993) using the Negative Binomial regression. Mitra et al. 
(2002) fitted a rear-end crash frequency model at the roadway level (2 observations per 
intersection per year) for 52 four-legged signalized intersections in Singapore over 8 years 
(1992-1999); in addition to the comparably low percentage of rear-end crashes among the data 
(which is only 15%; it is around 40% in the U.S. as aforementioned), the intersection rear-end 
crashes were also disaggregated by year and by roadway, which cause extra zeros among the 
data; therefore, the zero-inflated Poisson (ZIP) model was used to account for the excess zeros. 
The approach or roadway level models are better able to relate the number of rear-end crashes to 
specific approach and/or roadway characteristics; however, disaggregating of the crashes by 
roadway or approach will give rise to “site correlation” and cause excess zeros. 
Common to both frequency studies is the use of the longitudinal rear-end crash data; 
however, the temporal correlation among the longitudinal crash data was not accounted for in the 
models. A likelihood ratio test was used to test the temporal effect on the estimated coefficients 
between the models based on the full sample and the subsets (e.g., different years). However, the 
correlation among the data will affect standard errors and is a major concern for correlated data. 
There are serious problems arising when basic count data models (e.g., Poisson and Negative 
Binomial) are used for longitudinal data, since basic count data models assume the dependent 
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variables are independent. For longitudinal data, the error structures become a mixture of random 
between-intersection errors and highly correlated within-intersection errors. 
The spatial correlation is another important issue in analyzing rear-end crashes. The 
signalized intersections along a certain corridor, especially for those in close proximity, will 
affect each other in many aspects: several adjacent signalized intersections along a certain 
corridor will share a high percentage of the same traffic since corridors usually serve relatively 
long trips between major points; adjacent intersections along a corridor probably have similar 
types of land use and roadway design; the coordination in signals along a corridor will promote 
platooning of vehicles crossing intersections, and this coordination may reduce rear-end crashes 
due to reducing the probability of having to stop at each signal (FHWA, 2004). The use of basic 
models for spatially correlated data may produce biased estimators and invalid test statistics. To 
avoid the spatial correlation among the data, Poch and Mannering (1996) used a small subsample 
of the total number of intersections; however, in order to examine the spatial effect on rear-end 
crashes, there is a need to look at the spatial relationship for signalized intersections along a 
corridor rather than treat each intersection as an isolated entity. 
Rear-end crash frequencies at intersections are count data, the Negative Binomial 
regression possesses most of the desirable statistical properties in describing adequately random, 
discrete, nonnegative, significantly overdispersed, and typically sporadic vehicle crashes at 
intersections (Chin and Quddus, 2003). Having multiple observations on the same units allows 
us to control certain unobserved characteristics of intersections or intersection clusters when 
using panel data models. Generalized Estimating Equations (GEEs) provide an extension of 
generalized linear models (GLMs) to the analysis of temporally or spatially clustered data, which 
can account for the correlation among the observations for a given intersection or an intersection 
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cluster, which is proven to be a robust modeling procedure for temporally or spatially correlated 
crash data (Lord and Persaud, 2000). 
In summary, there have been many studies investigating rear-end crash occurrence; 
however, most of these studies have focused on the driver or vehicle characteristics. The 
frequency analysis of rear-end crashes is able to examine the safety effect of intersection related 
factors; however, the existing rear-end frequency models at approach or roadway levels do not 
account for the potential temporal, site, or spatial correlation among the data. There is no work 
on the intersection level for rear-end crashes if the data have temporal or spatial correlations. The 
objective of this study is to predict and describe the temporally or spatially correlated rear-end 




4.2 Data Preparation 
In order to explore the temporal and spatial correlations and identify the significant 
variables influencing the rear-end crash occurrence at signalized intersections, one needs to 
select a variety of intersections possessing different characteristics in geometry and traffic. 
Restricted by the data availability, different data were used for temporal and spatial analyses. For 
the temporal analysis of rear-end crashes, a total number of 208 four-legged signalized 
intersections in Brevard and Seminole Counties were applied, which have been used in Chapter 
Two for intersection level safety temporal analysis. And a total number of 476 signalized 
intersections along 41 principle and minor arterials which were selected in Orange, Brevard, and 
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Miami-Dade Counties in the state of Florida were applied for the spatial analysis of rear-end 
crashes, which have been used in Chapter Three for intersection level safety spatial analysis. 
For the temporal analysis, the necessary data needed to be collected over the study period 
including intersection geometric design features, traffic control and operational features, traffic 
characteristics, and crash data for the same intersections. It is difficult to obtain all this 
information over a long period, and therefore data for 3 recent years (2000, 2001, and 2002) 
were used. The yearly traffic volume data on major and minor roadways for all 208 intersections 
for 3 years were provided by the traffic engineering departments in each county. 
In order to examine the spatial correlation of rear-end crashes among the intersections, 
the sequences of 476 intersections along 41 corridors were identified automatically by using the 
geocoded GIS map. If the distance between intersections along a certain corridor is very long and 
the number of intersections along a corridor is extremely large, the intersections were then 
divided into sub-clusters in which intersections group together. The distance between 
intersections is considered for grouping them. The number of clusters per corridor varied from 1 
to 7. The number of intersections in clusters varied from 1 to 13; the data are unbalanced. 
Intersections within a cluster are spatially correlated, and intersections from different clusters are 
assumed to be statistically independent. The traffic volume data on major and minor roadways 
for all 476 intersections were extracted. 
Intersection geometric design features, traffic control and operational features in the 
study period were extracted from the intersection traffic planning and design diagrams provided 
by the counties. It is worth mentioning that most intersection related variables are first inputted at 
the approach level. As an intersection level crash frequency analysis, the approach level 
variables are then aggregated into the roadway level (major and minor roadways). 
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The rear-end crashes that occurred at the intersections were collected by retrieving the 
Crash Analysis Reporting (CAR) system for state road intersections (at least one intersecting 
roadway is a state road) and by using the county maintained crash database for county road 
intersections. The crashes considered in the analyses were rear-end crashes occurring within 250 
feet of the intersection milepost and labeled ‘at intersection’ or ‘influenced by intersection’ for 
crash site location. For the temporal analysis, the annual rear-end crashes and the traffic volume 
data vary from year to year from 2000 to 2001. For spatial analysis, the rear-end crash frequency 
is the number of rear-end crashes in two years (1999, 2000). 
Note that almost each jurisdiction has a reporting threshold so that crashes are officially 
reported only if they involve some degree of injury or, in the absence of injury, a specified 
amount (in terms of dollars) of property damage. In the state of Florida, police report injury 
crashes and some of the property damage only (PDO) crashes on long forms. Other non injury 
crashes are sometimes reported on short forms, which are not coded into the state electronic 
databases. Since many of the rear-end crashes are PDO crashes, and then it is expected that some 
of them to be reported on short forms. The crashes reported on short forms for some counties 
were obtained, but they are not consistently available for all selected counties. To be consistent 
and comparable with other studies, the long form rear-end crashes are used in our analyses. 
Abdel-Aty et al. (2005) looked into the quality and completeness of the crash data and the effect 
that incomplete data has on the final results by using the tree-based regression. They found that 
for rear-end, right-turn and sideswipe crashes, the important factors are fairly consistent between 
the models created by complete (reported on long and short forms) and restricted datasets 
(reported only on long forms). 
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The sample covers various types of intersections in geometric design features, in traffic 
control and operational features, in traffic characteristics, and in crashes. The roadway level 
variable will be first included into the model without any transformation. For categorical 
variables, if a certain level has no sufficient observations and is not significant in the model, it 
will be combined with another level; and if two nearest levels have similar coefficients and 
similar level of significance, they will be combined into one level. The summary statistics of 
variables are presented in Table 16 and Table 17 for temporal and spatial analyses, respectively. 
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Table 16 
Descriptive Statistics for the Temporally Correlated Data 
 
Variable Mean Minimum Maximum Std Dev 
Number of rear-end crashes per year for intersection 2 0 31 3.1 
Number of through lanes on Major roadway 3.8 2 6 1.1 
Number of through lanes on Minor roadway 2.4 2 6 0.8 
Number of exclusive right-turn lanes on Major roadway 0.5 0 2 0.7 
Number of exclusive right-turn lanes on Minor roadway 0.5 0 2 0.7 
Number of left-turn lanes on Major roadway 2.2 2 4 0.6 
Number of left-turn lanes on Minor roadway 2.2 2 4 0.5 
Type of right-turn lanes on Major roadway (Equal 2 if channelized; 
Equal 1 if exclusive; Equal 0 if shared with through lane) 0.4 0 2 0.6 
Type of right-turn lanes on Minor roadway (Equal 2 if channelized; 
Equal 1 if exclusive; Equal 0 if shared with through lane) 0.4 0 2 0.6 
Number of left-turn lanes on Major roadway (Equal 1 if more than 2; 
Equal 0 if less than or equal to 2) 0.1 0 1 0.4 
Number of left-turn lanes on Minor roadway (Equal 1 if more than 2; 
Equal 0 if less than or equal to 2) 0.2 0 1 0.4 
Angle of intersection (Degree) 84.7 48 90 9.8 
Median on Major roadway (Equal 1 if with median; Equal 0 if without 
median) 0.7 0 1 0.5 
Median on Minor roadway (Equal 1 if with median; Equal 0 if without 
median) 0.5 0 1 0.5 
Left-turn protection on Major roadway (Equal 1 if both approaches are 
protected; Equal 0 if one or none of approaches is protected) 0.9 0 1 0.3 
Left-turn protection on Minor roadway (Equal 1 if both approaches are 
protected; Equal 0 if one or none of approaches is protected) 0.6 0 1 0.5 




















ADT on Major roadway in each year (Vehicles/day) 27,452 1,625 68,460 13,196 
ADT on Minor roadway in each year (Vehicles/day) 12,258 1,140 63,477 8,418 
Location Type (Equal 2 for suburban area with population higher 




Descriptive Statistics for the Spatially Correlated Data 
 
Variable Mean Minimum Maximum Std Dev 
Number of rear-end crashes in two years at intersection 7.6 0 55 8.9 
Intersection configuration (Equal 2 if 3-legged; Equal 1 if 4-legged) 1.2 1 2 0.4 
Number of through lanes on Major roadway 4.3 2 8 1.2 
Number of through lanes on Minor roadway 2.6 1 6 1.0 
Number of exclusive right-turn lanes on Major roadway 0.5 0 2 0.7 
Number of exclusive right-turn lanes on Minor roadway 0.4 0 2 0.7 
Number of left-turn lanes on Major roadway 1.9 0 4 0.7 
Number of left-turn lanes on Minor roadway 1.9 0 4 0.7 
Right-turn lanes on Major roadway (Equal 1 if at least one approach has 
an exclusive right-turn lane; Equal 0 if no exclusive right-turn lane) 0.3 0 1 0.5 
Right-turn lanes on Minor roadway (Equal 1 if at least one approach has 
an exclusive right-turn lane; Equal 0 if no exclusive right-turn lane) 0.4 0 1 0.5 
Number of left-turn lanes on Major roadway (Equal 1 if more than 2; 
Equal 0 if less than or equal to 2) 0.1 0 1 0.3 
Number of left-turn lanes on Minor roadway (Equal 1 if more than 2; 
Equal 0 if less than or equal to 2) 0.1 0 1 0.3 
Median on Major roadway (Equal 1 if with median; Equal 0 if without 
median) 0.7 0 1 0.5 
Median on Minor roadway (Equal 1 if with median; Equal 0 if without 
median) 0.4 0 1 0.5 
Left-turn protection on Major roadway (Equal 1 if at least one approach 
has protected left-turn lane; Equal 0 if no protected left-turn lane) 0.7 0 1 0.5 
Left-turn protection on Minor roadway (Equal 1 if at least one approach 
has protected left-turn lane; Equal 0 if no protected left-turn lane) 0.9 0 1 0.4 




















ADT on Major roadway in the study period (Vehicles/day) 38,367 3,500 96,000 16,726 
ADT on Minor roadway in the study period (Vehicles/day) 19,269 1,633 68,133 10,894 
The distance to the nearest signal along a corridor for an intersection 









The average distance of upstream and downstream segments of an 













The Generalized Estimating Equations (GEE) are promising to account for the correlation 
among the temporally or spatially correlated crash data for the intersection level rear-end crash 
frequency models. Since this procedure has been described in Chapter Two, a brief explanation 
has been added here just for formula notation of rear-end crash studies. The reason of using the 
different model assessment techniques of Cumulative Residuals test and marginal R-square 
statistic have been explained briefly. 
 
4.3.1 Modeling Temporal or Spatial Correlation in GEEs 
Let ijy  represent the jth observation on the ith subject, for 1, 2, ...,i K=  and 1, 2, ..., ij n= . 
For the temporal analysis, ijy  represent the annual rear-end crash frequency occurred at 
intersection i  in year j , and the numbers of repeated observations for each intersection are fixed 
and do not vary among intersections in our analysis. There are K intersections. For the spatial 
study, ijy  represent the two-year rear-end crash frequency for intersection j  in cluster i . Define 
K  as the total number of clusters, and in  is the number of intersections in cluster i ; the number 







intersections. In following, “subject” is used to represent “intersection” for the temporal analysis 
and to represent “intersection cluster” for the spatial analysis. 
It is worth mentioning that multicollinearity is an obvious phenomenon for intersection 
safety analysis: larger intersections usually have more traffic volume, higher speed limit, more 
left-turn lanes, etc. But the multicollinearity does not violate any assumption and would not 
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cause the estimators to be biased, inefficient, or inconsistent, and does not affect the forecasting 
performance of the model (Ramanathan, 1995). The “problem” is that it will lead to higher 
standard errors. For our data, correlations among independent variables did not have high values, 
and there was no observation that the estimated coefficients were drastically altered when 
variables were added or dropped. Furthermore, the coefficients in the estimated models were 
significant and had meaningful signs and magnitudes. 
 
4.3.2 Model Assessment 
The GEE estimates are obtained when a quasi-likelihood technique is used; therefore, the 
goodness-of-fit tests for the basic negative binomial regression are not valid for the GEE 
negative binomial. If the data are balanced (e.g., panel data without missing observations), Lin et 
al. (2002) present a graphical and numerical Cumulative Residuals method based on the 
cumulative sums of residuals for checking the link function of GEEs. The Cumulative Residuals 
test is used to assess the GEE models in the temporal analysis. The Cumulative Residuals test is 
not suitable for unbalanced data. Zheng (2000) introduced a simple extension of R-square 
statistics for GEE models as “marginal R-square”. The marginal R-square statistics are used to 
assess the GEE models in both temporal and spatial analyses of rear-end crashes. 
 
 
4.4 Estimation Results 
The intersection level rear-end crash frequencies were modeled using the Generalized 
Estimating Equations (GEEs) with the Negative Binomial link function for the data with 
temporal or spatial correlation separately. The different correlation structures suggested by Liang 
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and Zeger (1986) were explored. Only the variables that are significant in at least one model 
among basic Negative Binomial and GEE Negative Binomial models were included. The type III 
analysis was used to identify the relative significance of the variables in the models. Models 
were evaluated by both the Cumulative Residuals test and the marginal R-square statistic for the 
temporal analysis and by the marginal R-square statistic for the spatial analysis. 
 
4.4.1 Modeling Temporal Correlated Rear-End Crashes 
The GEE estimates for the annual rear-end crash frequencies with the different 
correlation structures (independent, exchangeable, autoregression, and unstructured) are reported 
in Table 18. For comparison, the basic Negative Binomial estimations are also reported as shown 
in Table 19. The estimated coefficients for the Negative Binomial and the GEE Negative 
Binomial with the independent correlation structure are exactly the same as expected. The GEE 
models have slightly higher estimated standard errors than the Negative Binomial model because 
not accounting for the temporal correlation will under represent the standard errors (Lord and 
Persaud, 2000). The four correlation structures have produced unequal coefficients, which show 
the effect of the different correlation structures in the analysis. 
The assessment and comparison of the GEE models with the different correlation 
structures are performed using the Cumulative Residuals test, which can assess the models 
graphically and numerically (Lin et al., 2002). The Cumulative Residual plots for the GEE 
models with the different correlation structures are drawn using SAS ODS graphic techniques 
(SAS Institute Inc., 2004) as shown in Figure 9. The observed Cumulative Residuals are 
represented by the heavy lines, and the simulated curves are represented by the light lines. The p-
values (Pr>MaxAbsVal) are computed based on a sample of 10 000 simulated residual paths as 
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shown in the lower-right corner on each plot. A comparison of the Cumulative Residual plots 
shows that the GEE model with an autoregression correlation structure is the best model with no 
systematic tendency and the highest p-value (0.7561). The maximum absolute value of its 
observed cumulative sum is 3.2801. Since we used 10 000 realizations in the supremum test, the 
p-value 0.7561 means that out of 10 000 realizations from the null distribution, 75.61% have 
maximum cumulative residuals greater than 3.2801. The GEE model with an autoregression 
structure also has a higher marginal R-square value (0.1803) as shown in Table 19. 
Since the number of repeated observations for each intersection is 3, the estimated 
working correlation is a symmetric matrix and its dimension is 3 with one in each diagonal 
position as shown in. The autoregression structure assumes that the correlations between the 
multiple observations for a certain intersection will decrease as the time-gap increases. For 
example, it is 0.4454 for each successive two years and 0.1984 for the years 2000 and 2002. 
These correlations indicate that the temporal correlation should be accounted for in the 
longitudinal crash data. The conclusion that the GEE autoregression model has better goodness-
of-fit is consistent with the theory that autoregression structure is specifically appropriate for 
time-dependent data structures. 
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Table 18 
GEE Model Estimates for the Temporally Correlated Rear-end Crashes 
GEE Negative Binomial Estimations 
Independent Exchangeable Autoregression Unstructured Parameter 




























Type of right-turn lanes on Minor roadway     














Shared with through lane 0 - 0 - 0 - 0 - 
Number of left-turn lanes on Major roadway     







Less than or equal to 2 0 - 0 - 0 - 0 - 
Left-turn protection on Minor roadway     







One or none of approaches is protected 0 - 0 - 0 - 0 - 
Location Type     










Suburban area with population less than 
2500 
0 - 0 - 0 - 0 - 
Median on Minor roadway     







Without median 0 - 0 - 0 - 0 - 







Dispersion 1.0311 - 1.0341 - 1.0273 - 1.0364 - 
Summary Statistics     
Number of intersections (Number of Clusters) 208 208 208 208 
Number of continuous years (Cluster Size) 3 3 3 3 
Number of observations 624 624 624 624 
Sum of initial rear-end / total crashes 1275/2754 1275/2754 1275/2754 1275/2754 
Maximum Absolute Value 4.2498 3.5416 3.2801 3.5871 
Pr>MaxAbsVal 0.4088 0.6521 0.7561 0.6544 
Marginal R-Square Statistics 0.1799 0.1800 0.1813 0.1795 
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Table 19 
Negative Binomial Model Estimates for the Temporally Correlated Rear-end Crashes 
Parameter Coef. SE P-value 
Intercept -13.1993 1.4512 <0.0001 
Logarithm of ADT on Major roadway 0.5567 0.1055 <0.0001 
Logarithm of ADT on Minor roadway 0.574 0.0993 <0.0001 
Type of right-turn lanes on Minor roadway  
Channelized -0.7276 0.2128 0.0006 
Exclusive -0.3213 0.1298 0.0133 
Shared with through lane 0 - - 
Number of left-turn lanes on Major roadway  
More than 2 0.521 0.1638 0.0015 
Less than or equal to 2 0 - - 
Left-turn protection on Minor roadway  
Both approaches are protected 0.5198 0.1143 <0.0001 
One or none of approaches is protected 0 - - 
Location Type  
Suburban area with population higher than 2500 0.4281 0.1069 <0.0001 
Suburban area with population less than 2500 0 - - 
Median on Minor roadway  
With median -0.2301 0.1122 0.0403 
Without median 0 - - 
Speed limit on Major roadway (mph) 0.0575 0.0105 <0.0001 
Dispersion 0.872 0.0938 - 
Summary Statistics  
Number of intersections (Number of Clusters) 208 
Number of continuous years (Cluster Size) 3 
Number of observations 624 
Sum of initial rear-end / total crashes 1275/2754 





(a)              (b) 
 
  
(c)               (d) 
 
Figure 9: Model Assessment and Comparison for GEEs with Different Correlation Structures in 
Temporal Analysis: (a) with independence correlation structure; (b) with exchangeable 
correlation structure; (c) with autoregression correlation structure (AR-1); and (d) with 
unstructured correlation structure  
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Table 20 
Estimated Working Correlation Structures for the Temporally Correlated Rear-end Crashes 
 
Independent correlation structure 
Year 2000 2001 2002 
2000 1.0000 0.0000 0.0000
2001 0.0000 1.0000 0.0000
2002 0.0000 0.0000 1.0000
Exchangeable correlation structure 
2000 1.0000 0.4349 0.4349 
2001 0.4349 1.0000 0.4349 
2002 0.4349 0.4349 1.0000 
Autoregression correlation structure (AR-1) 
2000 1.0000 0.4454 0.1984 
2001 0.4454 1.0000 0.4454 
2002 0.1984 0.4454 1.0000 
Unstructured correlation structure 
2000 1.0000 0.3941 0.4327 
2001 0.3941 1.0000 0.5225 
2002 0.4327 0.5225 1.0000 
 
The significant variables in Table 18 can be classified into 4 types: traffic characteristics, 
intersection geometric design features, traffic control and operational features, and location 
types. The logarithms of traffic volumes on the major and minor roadways are found to be 
significant (p-values < 0.0001); they both have positive coefficients (0.5739 and 0.5416)1, which 
indicate the higher the traffic volumes the larger the number of rear-end crashes. The left-turn 
lanes are critical for intersection operation and rear-end crash occurrence; more rear-end crashes 
occurred with a higher number of left-turn lanes on the major roadway (coef. = 0.5022, p-value < 
0.0177). The number of approaches with protected left-turning is directly related to the number 
of phase per cycle; increasing the number of phases will increase rear-end crashes at 
                                                 
1 The estimates for the GEE model with the Autoregression correlation structure are used for variable interpretation. 
To avoid redundancy, it is not repeated for each variable. 
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intersections, which is indicated by the positive coefficient (0.5266) of the dummy variable of 
having protected left-turn lanes for both approaches on the minor roadway. Compared to the 
shared right-turn lane, the channelized or exclusive right-turn lanes on the minor roadway reduce 
rear-end crashes, which is indicated by the negative coefficients (-0.6862 and -0.3103, 
respectively). The intersection with a median on the minor roadway has a lower number of rear-
end crashes (coef. = -0.2171). The high posted speed limit on the major roadway is significant 
for rear-end crashes (p-value < 0.0001). The selected intersections are located in suburban areas 
with different population levels; the positive coefficient for the dummy variable of having a 
higher population (0.4218) shows that intersections located in high population areas are 
associated with high rear-end crashes. 
To examine the relative significance of the explanatory variables, the type III analysis 
was performed for all the variables included in the models as shown in Table 21. The results 
show that the ADT on the major roadway is the most significant variable (Chi-square = 15.91), 
and followed by the speed limit on the major roadway, location type, left-turn protection on the 
minor roadway, ADT on the minor roadway, number of left-turn lanes on the major roadway, 
and then median on the minor roadway. Among the traffic control and operational features, the 
speed limit is the most significant variable in the model (Chi-square = 10.82). 
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Table 21 
Type III Analysis for the Temporally Correlated Rear-end Crashes 
 
GEE model type III analysis: Chi-Square 
(P-value) Main Variables DF MLE type III analysis
Independent Exchangeable Autoregression Unstructured
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4.4.2 Modeling Spatially Correlated Rear-End Crashes 
The GEE models with a Negative Binomial link function for rear-end crash frequency in 
two years were fitted for independent, exchangeable, and autoregression correlation structures 
and the associated estimates are reported in Table 22. The unstructured correlation structure has 
been tried, but it failed to converge. All non-missing pairs of data are used in the moment 
estimators of the working correlation parameters. For our data, the number of response pairs for 
estimating correlation is less than or equal to the number of regression parameters especially for 
clusters with the extra large size (e.g., the clusters with the size larger than 8). The estimated 
coefficients and standard errors for the Negative Binomial regression and the GEE models with 
exchangeable and autoregression correlation structures are different. The three correlation 
98 
structures have produced different coefficients and standard errors, which show the effect of 
different correlation structures in the analysis. 
The estimated working correlation structures are presented in Table 24. The correlation 
structures are symmetric. Since the cluster size varies from 1 to 13, the dimension of the 
correlation matrix is 13 with one in each diagonal position. The correlation estimated by 
exchangeable structure is 0.1833. The autoregression structure has a maximum correlation of 
0.6313 for any two successive intersections along a corridor; the correlation between 
intersections decreases as the spacing between intersections increases. 
The marginal R-square values are reported in Table 22. The GEE model with 
autoregression structure has a slightly higher marginal R-square value (0.4591), which indicates 
that the autoregression structure could be the appropriate structure for spatial correlation. 
Ballinger (2004) suggests that the decisions about the correlation structures should be guided 
first by theory. For the spatial correlation of signalized intersections along corridors, as the 
spacing between intersections increases, it is reasonable to assume the correlation between them 
decreases, which is consistent with the autoregression approach. 
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Table 22 GEE Model Estimates for the Spatially Correlated Rear-end Crashes 
Independent Exchangeable Autoregression Parameters 
Coef. SE (P-value) Coef. SE (P-value) Coef. SE (P-value)
Intercept -7.7926  1.2275  (<0.0001) -7.6801 
 1.4784  
(<0.0001) -4.5202  
1.2874  
(0.0004) 
Logarithm of ADT on Major roadway 0.48  0.1386  (0.0005) 0.4888 
 0.1566  
(0.0018) 0.3854 
 0.1338  
(0.004) 
Logarithm of ADT on Minor roadway 0.5124  0.1152  (<0.0001) 0.4449 
 0.114  
(<0.0001) 0.2826  
0.0848  
(0.0009) 
Intersection Configuration    
3-legged -0.427  0.1263  (0.0007) -0.3486  
0.1283  
(0.0066) -0.2873 
 0.0949  
(0.0025) 
4-legged 0  - 0 - 0  - 
Right-turn lanes on Major roadway    
At least one approach has an exclusive 
right-turn lane 0.2607 
 0.1186  
(0.0279) 0.2213  
0.1234  
(0.0731) 0.2215 
 0.0972  
(0.0226) 
No exclusive right-turn lane 0  - 0 - 0  - 
Right-turn lanes on Minor roadway    
At least one approach has an exclusive 
right-turn lane -0.4243 
 0.108  
(<0.0001) -0.3859  
0.1038  
(0.0002) -0.1288 
 0.0778  
(0.0977) 
No exclusive right-turn lane 0  - 0 - 0  - 
Number of left-turn lanes on Major roadway    
More than 2 0.5804  0.1587  (0.0003) 0.6263  
0.156  
(<0.0001) 0.3802 
 0.1233  
(0.002) 
Less than or equal to 2 0  - 0 - 0  - 
Left-turn protection on Major roadway    
At least one approach has protected or  
partially protected left-turn lane -0.3254  
0.1461  
(0.0259) -0.3717  
0.1462  
(0.011) -0.1763  
0.1078  
(0.1021) 
No protected left-turn lane 0  - 0 - 0  - 
Left-turn protection on Minor roadway    
At least one approach has protected or 
partially protected left-turn lane 0.3969 
 0.1111  
(0.0004) 0.4377 




No protected left-turning movement 0  - 0 - 0  - 
Median on Minor roadway    
With median -0.2356  0.1094  (0.0312) -0.1828 
 0.1099  
(0.0962) -0.1527  
0.083  
(0.0658) 
Without median 0  - 0 - 0  - 
Logarithm of the average distance of upstream 
and downstream segments of an intersection 
along corridor 
-0.1408  0.0669  (0.0352) -0.094 
 0.0712  
(0.1864) -0.1246  
0.0595  
(0.0362) 
Speed limit on Major roadway (mph) 0.0196  0.0099  (0.048) 0.0216 
 0.0102  
(0.0344) 0.0131 
 0.0081  
(0.1054) 
 Dispersion 1.0792 - 1.0886 - 1.058  - 
Summary Statistics    
Number of clusters 116 116 116 
Minimum cluster size / Maximum cluster size 1/13 1/13 1/13 
Sum of initial rear-end / total crashes 3620/8731 3620/8731 3620/8731 
Marginal R-square Statistics 0.4069 0.4560 0.4591 
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Table 23 




Parameters Coef. S.E. P-value 
Intercept -7.7926  1.1152 <0.0001 
Logarithm of ADT on Major roadway 0.48  0.1265 0.0001 
Logarithm of ADT on Minor roadway 0.5124  0.1038 <0.0001 
Intersection Configuration  
3-legged -0.427  0.1163 0.0002 
4-legged 0  - - 
Right-turn lanes on Major roadway  
At least one approach has an exclusive right-turn lane 0.2607  0.1107 0.0186 
No exclusive right-turn lane 0  - - 
Right-turn lanes on Minor roadway  
At least one approach has an exclusive right-turn lane -0.4243  0.1028 <0.0001 
No exclusive right-turn lane 0  - - 
Number of left-turn lanes on Major roadway  
More than 2 0.5804  0.1517 0.0001 
Less than or equal to 2 0  - - 
Left-turn protection on Major roadway  
At least one approach has protected or partially protected left-turn lane -0.3254  0.1301 0.0124 
No protected left-turn lane 0  - - 
Left-turn protection on Minor roadway  
At least one approach has protected or partially protected left-turn lane 0.3969  0.1039 0.0001 
No protected left-turning movement 0  - - 
Median on Minor roadway  
With median -0.2356  0.1032 0.0224 
Without median 0  - - 
Logarithm of the average distance of upstream and downstream 
segments of an intersection along corridor -0.1408  0.063 0.0253 
Speed limit on Major roadway (mph) 0.0196  0.0097 0.0423 
 Dispersion 0.6044  0.0527  - 
Summary Statistics  
Number of corridors 41 
Number of intersections 476 
Sum of initial rear-end / total crashes 3620/8731 
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Table 24 
Estimated Working Correlation Structures for the Spatially Correlated Rear-end Crashes 
 
 Independent Correlation Structure 
Intersection # 1 2 3 4 5 6 7 8 9 10 11 12 13 
1 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
2 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
3 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
4 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
5 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
6 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
7 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
8 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000
9 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000 0.0000
10 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000 0.0000
11 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000 0.0000
12 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000 0.0000
13 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000
 Exchangeable Correlation Structure 
1 1.0000 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833
2 0.1833 1.0000 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833
3 0.1833 0.1833 1.0000 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833
4 0.1833 0.1833 0.1833 1.0000 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833
5 0.1833 0.1833 0.1833 0.1833 1.0000 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833
6 0.1833 0.1833 0.1833 0.1833 0.1833 1.0000 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833
7 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 1.0000 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833
8 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 1.0000 0.1833 0.1833 0.1833 0.1833 0.1833
9 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 1.0000 0.1833 0.1833 0.1833 0.1833
10 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 1.0000 0.1833 0.1833 0.1833
11 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 1.0000 0.1833 0.1833
12 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 1.0000 0.1833
13 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 1.0000
 Autoregression Correlation Structure (AR-1) 
1 1.0000 0.6316 0.3990 0.2520 0.1592 0.1005 0.0635 0.0401 0.0253 0.0160 0.0101 0.0064 0.0040
2 0.6316 1.0000 0.6316 0.3990 0.2520 0.1592 0.1005 0.0635 0.0401 0.0253 0.0160 0.0101 0.0064
3 0.3990 0.6316 1.0000 0.6316 0.3990 0.2520 0.1592 0.1005 0.0635 0.0401 0.0253 0.0160 0.0101
4 0.2520 0.3990 0.6316 1.0000 0.6316 0.3990 0.2520 0.1592 0.1005 0.0635 0.0401 0.0253 0.0160
5 0.1592 0.2520 0.3990 0.6316 1.0000 0.6316 0.3990 0.2520 0.1592 0.1005 0.0635 0.0401 0.0253
6 0.1005 0.1592 0.2520 0.3990 0.6316 1.0000 0.6316 0.3990 0.2520 0.1592 0.1005 0.0635 0.0401
7 0.0635 0.1005 0.1592 0.2520 0.3990 0.6316 1.0000 0.6316 0.3990 0.2520 0.1592 0.1005 0.0635
8 0.0401 0.0635 0.1005 0.1592 0.2520 0.3990 0.6316 1.0000 0.6316 0.3990 0.2520 0.1592 0.1005
9 0.0253 0.0401 0.0635 0.1005 0.1592 0.2520 0.3990 0.6316 1.0000 0.6316 0.3990 0.2520 0.1592
10 0.0160 0.0253 0.0401 0.0635 0.1005 0.1592 0.2520 0.3990 0.6316 1.0000 0.6316 0.3990 0.2520
11 0.0101 0.0160 0.0253 0.0401 0.0635 0.1005 0.1592 0.2520 0.3990 0.6316 1.0000 0.6316 0.3990
12 0.0064 0.0101 0.0160 0.0253 0.0401 0.0635 0.1005 0.1592 0.2520 0.3990 0.6316 1.0000 0.6316
13 0.0040 0.0064 0.0101 0.0160 0.0253 0.0401 0.0635 0.1005 0.1592 0.2520 0.3990 0.6316 1.0000
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Turning to the significant variables presented in Table 22, traffic volumes on major and 
minor roadways are still the most significant variables, which are similar to the temporal 
analysis. Among the intersection geometric design features, the number of legs, the presence of 
exclusive right-turn lanes on both roadways, and the number of left-turn lane on major roadway 
are significant to rear-end crash occurrence. The left-turn protection on major roadway will 
reduce rear-end crashes, while the protection on minor roadway will increase rear-end crash 
occurrence, which is indicated by the coefficients -0.1763 and 0.2435, respectively. The 
intersection with a median on the minor roadway has a lower number of rear-end crashes. The 
posted speed limit on the major roadway is significant for rear-end crashes. The average length 
of upstream and downstream segments of an intersection, the distance to the nearest signals 
along a corridor for an intersection, and their logarithm transformations are included in the 
model alternatively, the logarithm of the average length of upstream and downstream segments 
of an intersection is identified to be the most significant variable (p-value = 0.0362). The 
negative sign for this factor (coef. = -0.1246) indicates that the effect of both neighboring signals 
(not just upstream or downstream segment) decreases as the distance increases. The type III 
analysis is presented in Table 25 and all explanatory variables are sorted by their relative 
significance based on the GEE model with the autoregression structure. 
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Table 25 
Type III Analysis for the Spatially Correlated Rear-end Crashes 
 
GEE model type III analysis: Chi-Square  
(P-value) Main Variables DF 
MLE type 
III 
Analysis Independent Exchangeable Autoregression (AR-1) 
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4.5 Summary and Conclusions 
This study investigated the temporal and spatial correlation for longitudinal data and 
intersection clusters along corridors for the rear-end crashes at signalized intersections. The 
intersection level rear-end crash frequency model is capable of identifying the intersection 
related significant factors by modeling the relationship between the numbers of rear-end crashes 
and the intersection geometric design features, traffic control and operational features, and traffic 
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characteristics. Note that many minor rear-end crashes (no injury and under a specified amount 
of property damage) are not reported in almost each jurisdiction. To be consistent and 
comparable with other studies, only the state maintained rear-end crashes (long form) were used 
in our analyses. 
The data for 208 signalized intersections over 3 years and 476 signalized intersections 
which are located along different corridors were collected in the state of Florida. The data are 
temporally or spatially correlated. The use of basic models for such correlated data may produce 
biased estimators and invalid test statistics. The intersection level rear-end crash frequencies 
were modeled using the Generalized Estimating Equations (GEEs) with a Negative Binomial 
link function for temporal or spatial correlation separately, and the different working correlation 
structures (independent, exchangeable, autoregressive, and unstructured) have been explored. 
The GEE autoregression models assuming that the correlations between the multiple 
observations for a certain intersection or intersection cluster will decrease as the time or space 
gap increases are better for either temporal or spatial correlated rear-end crashes.  
In the temporal analysis, it was found that the estimated correlation is 0.4454 for each 
successive two years and 0.1984 for the years 2000 and 2002. The estimates have been modified 
when considering the temporal correlation. In order to have consistent estimation, the temporal 
correlation should be considered for the panel data by using panel data models (e.g., GEE) 
especially this correlation is large. In the spatial analysis, the estimated correlation is 0.6316 for 
two nearest intersections along corridors, which is relatively high. Similarly, it shows that the 
model estimates will change when considering the spatial correlation. From the statistical point 
of view, this spatial correlation should be accounted for in order to have consistent estimation for 
the intersections which are not isolated. 
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As mentioned before, there are two studies investigating rear-end crash frequencies 
which focus on signalized intersections and including intersection related factors (Poch and 
Mannering, 1996; Mitra et al., 2002). Both studies used panel data and disaggregated crashes by 
approach or roadway; however, the potential temporal correlation and “site correlation” among 
the disaggregated data were not accounted for. In order to avoid potential spatial correlation 
among the data, Poch and Mannering (1996) selected a small portion of intersections, and Mitra 
et al. (2002) tried to select intersections randomly. The GEE procedure used in our study can 
account for the correlation and provide efficient parameter estimates for correlated data and 
produce easily interpretable and communicable results. 
Turning to the significant variables, the variables included in this paper can be divided 
into five types: traffic characteristics, geometric design features, traffic control and operational 
features, location type, and corridor level factors. Poch and Mannering (1996) found that 
intersection volume, number of signal phases, left-turn protection, area types, roadway types, 
speed limit, grade, and sight distance are significant to affect rear-end crash occurrence. Mitra et 
al. (2002) included intersection volume, wide median, number of phases, left-turn protection, 
surveillance camera, and signal control (adaptive or not) in their analysis.  
For traffic characteristics, instead of using total traffic volume at intersections in previous 
studies, this study showed the logarithm transformation of traffic volumes on major and minor 
roadways are the better functional forms for traffic volume in rear-end crash frequency model. 
For geometric design features, this paper found that the number and the types of right-
turn lanes on minor roadway, the number of right-turn lanes on major roadway, the number of 
left-turn lane on major roadway, median on minor roadway, and intersection configuration (3 or 
4 legs) are significant to effect rear-end crash occurrence. The purpose of providing a right-turn 
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lane is to increase operational efficiency and improve safety by removing turning vehicles from 
through lanes; compared to the shared right-turn lane, the channelized and exclusive right-turn 
lanes on the minor roadway reduce rear-end crashes. Three-legged intersections tend to exhibit 
lower rear-end crashes than four-legged intersections. The numbers of right and left-turn lanes on 
the major roadway are used as surrogate variables for the magnitude of right and left-turning 
volumes. The higher the number of turning lanes on the major roadway the more rear-end 
crashes occur. The presence of medians on the minor roadway was found to reduce rear-end 
crashes; in comparison, Mitra et al. (2002) found wide median (> 2m) will increase rear-end 
crashes. 
Among the traffic control and operational features, this paper confirmed that left-turn 
protection on the major roadway is associated with lower risks of rear-end crashes found in the 
previous analysis (Mitra et al., 2002). However, this paper found that protecting left-turning 
movement on minor roadways will increase rear-end crashes. The number of approaches with 
protected left-turn lanes is directly related to the number of phases per cycle; increasing the 
number of phases increases rear-end crashes at intersections. Poch and Mannering (1996) also 
found eight-phase will increase rear-end crashes. The safety advantage of traffic signal control is 
to reduce the frequency and severity of certain types of crashes, e.g., angle, which tend to be 
severe, while the disadvantage is that the left-turn protection will cause an increase in rear-end 
crashes (Roess et al., 2004). This paper also confirmed that the high speed limit on the major 
roadway is related to more rear-end crashes reached by Poch and Mannering (1996). 
For the temporal analysis, the selected intersections are located in suburban areas with 
different population levels; and we found that intersections located in high population areas are 
associated with high rear-end crash frequency. Location type is found to be significant to effect 
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rear-end crashes by Poch and Mannering (1996). But surprisingly, it was found that intersection 
in central business district has lower rear-end crashes in that study. 
In the spatial analysis, it was found that there is high correlation between the nearest 
intersections along a certain corridor, and as the space gap between intersections increases, the 
correlation decreases. The average distance to the neighboring signals along corridors is 
identified to be significant to affect rear-end crash occurrence. These findings indicate that 
intersections along corridors affect each other and should not be considered in isolation. From 
the safety point of view, the intersections along corridors should be well coordinated (signal and 
spacing) in order to reduce rear-end crashes. 
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CHAPTER 5:  
INVESTIGATION OF SIGNALIZED INTERSECTION RIGHT-ANGLE 
CRASH OCCURRENCE 
Right-angle crashes are more likely to produce severe crashes at signalized intersections. 
The purpose of this study is to investigate the effect of intersection traffic volume, geometric 
design, and traffic control and operational features on right-angle crash occurrence at signalized 
intersections. Data from a total of 197 four-legged signalized intersections were collected from 
the Central Florida area. Right-angle crashes were modeled at the intersection, roadway, and 
approach levels. For the models at roadway or approach levels, crashes were assigned to 
roadways or approaches and then the disaggregated crashes were related to the specific roadway 
or approach features. The Generalized Estimating Equations which can account for the site 




Right-angle crashes are those crashes that the colliding vehicles were proceeding straight 
ahead from two intersecting roadways at intersections. They are the most severe crashes due to 
the relatively high speeds when vehicles collide and vulnerability of the struck vehicle. Based on 
the data in a study conducted in the state of Florida (Abdel-Aty et al., 2005b), it was found that at 
signalized intersections around 45% of right-angle crashes involve injury whereas only around 
25% of other crashes involve injury. Many studies have investigated angle or red-light-running 
related crashes at signalized intersections, while comparatively fewer studies focused on right-
angle crashes specifically. A previous study found that around 90% of right-angle crashes were 
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included in angle crashes; however, the proportion of right-angle crashes among initial angle 
crashes was even lower than that for left-turn crashes, which were 33% and 45%, respectively 
(Hauer et al., 1988). Most red-light-running studies used right-angle, left-turn, and rear-end 
crashes as target crashes (McGee, 2003). Considering that right-angle crashes are more likely to 
produce severe crashes, it is worth further examination of the safety effect of intersection related 
variables on right-angle crash occurrence in order to develop efficient countermeasures to reduce 
them at signalized intersections. 
Some studies investigated initial angle crashes at the intersection level. Abdel-Aty et al. 
(2005a) used two year (2000 and 2001) crash data for 832 signalized intersections to investigate 
different crash types including angle crashes by using the tree-based regression. Kim et al. 
(2006) fitted crash frequency models for different crash types including angle crashes by using 
165 two-lane intersections collected from rural areas in the state of Georgia. At signalized 
intersections, differences exist in traffic volumes, site geometry, signal operations, as well as the 
safety performance on the various approaches of the intersections. Therefore, modeling the total 
number of angle crashes at intersections may obscure the real relationship between the crash 
causes (e.g., intersection characteristics) and their effect (e.g., angle crashes). 
Right-angle related crashes have been explored at roadway and approach levels, in which 
crashes were assigned to roadways or approaches and then the disaggregated crashes were 
related to certain roadway or approach features. At the roadway level, Mitra et al. (2002) fitted a 
head-to-side crash (most are angle crashes) frequency model for 52 four-legged signalized 
intersections in Singapore over 8 years (1992-1999). Mohamedshah et al. (2000) modeled red-
light-running related crashes at the roadway level for both major roadway as entering road and 
minor roadway as entering road over four years (1993-1996) for 1756 urban intersections. At the 
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approach level, 4 observations per intersection, Poch and Mannering (1996) fitted an angle crash 
frequency model for 63 four-legged intersections over 7 years (1987-1993). All these studies 
assigned the right-angle related crashes to a certain roadway or approach with the “at-fault” 
vehicle. 
For right-angle crash analyses, Hauer et al. (1988) divided the initial crashes into 15 
patterns based on the maneuvers of the two vehicles before the collision, in which right-angle 
crashes are in Pattern 4. Data were collected in Metropolitan Toronto for 145 four-legged, fixed-
time signalized intersections over three years (1982-1984). Four models for right-angle were 
fitted for the different time periods in a day. Songchitruksa and Tarko (2006) proposed a method 
to evaluate the right-angle crashes based on a frequency of short post-encroachment times (PET) 
and the conflicting through volumes. Affum and Taylor (1996) fitted a right-angle model for 114 
signalized intersections (41 in the central business area) in metropolitan Adelaide in South 
Australia (traffic follows the British convention). Traffic volume, some of geometric design 
elements and signal parameters have been explored for their effect on right-angle crashes over 4 
years (1988-1991). The common aspect for the above studies is that they are all approach level 
models and the right-angle crashes were assigned to the approach whose stop line was nearest to 
the crash site. Disaggregating data into the approach level enables right-angle crashes to be 
related to functions of the traffic movements contributing to those crashes. 
Crash frequencies at intersections are count data, which are nonnegative, integer-valued 
outcomes. Multiple linear regressions have been used by Affum and Taylor (1996) for fitting a 
right-angle crash model. For count data, linear regression models lack the distributional property 
to describe adequately random, discrete, nonnegative, and typically sporadic vehicle crash events 
on the road (Chin and Quddus, 2003). The basic Negative Binomial regression, which is the 
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standard generalization of the Poisson model for the overdispersed data, has been used in other 
studies for right-angle or right-angle related crashes (Hauer et al., 1988; Kim et al., 2006; 
Mohamedshah et al., 2000; Poch and Mannering, 1996; Songchitruksa and Tarko, 2006). 
Common to the previous roadway and approach level studies is the use of the repeated 
observations from an intersection, which may produce the site correlation among the data. A 
likelihood ratio test was used by Poch and Mannering (1996) to test the effect of the site 
correlation on the estimated coefficients between the models based on the full sample and the 
subsets (different approaches). However, the correlation among the data will affect standard 
errors and is also a major concern for clustered data. There are serious problems arising when 
basic count data models are used for clustered data, since basic count data models assume the 
dependent variables are independent. For clustered data, the error structures become a mixture of 
random between-intersection errors and highly correlated within-intersection errors.  
The previous studies on right-angle crashes have focused on examining the relationship 
between the traffic flow and right-angle crash occurrences. Hauer et al. (1988) assumed that the 
frequency of collisions be related to the traffic flows to which the colliding vehicles belong and 
not to the sum of the entering flows, but only minor roadway (the roadway with lower traffic) 
through movements were identified to be significant to predict right-angle crash occurrences. 
Songchitruksa and Tarko (2006) found that the average of the product of the conflicting through 
volumes (having a positive sign) and the ratio of left-turn volume to total intersection volume 
(having a negative sign) are significant. Affum and Taylor (1996) used the product of the 
conflicting flows (not only through movements), but they found that the traffic movements are 
poorly contributing to right-angle crash occurrence at the signalized intersections. Moreover, 
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intersection geometry design features and many other traffic control features (e.g., speed limit) 
have rarely been investigated in these studies. 
Right-angle crashes are typically resulted as one vehicle ran a red light, or was not 
cleared from the intersection upon the onset of the conflicting movement’s green signal. 
Bonneson et al. (2001) investigated the relationship between red-light-running and right-angle 
crashes. They found that the right-angle crash rate (represented by the annual number of crashes 
per million crossing vehicles) increases in an exponential manner with increasing red-light-
turning rate (expressed as the number of red-light-runners per 1,000 approach vehicles) on an 
intersection approach.  
In summary, for right-angle crash models, only approach level models have been found 
in the literature, and the crashes were assigned to approaches only following the criteria of “near-
side” (Affum and Taylor, 1996; Hauer et al., 1988; Songchitruksa and Tarko, 2006;). There was 
no study investigating right-angle crashes at different levels (intersection, roadway, or approach) 
as well as comparing the different criteria of assigning the crashes (“at-fault driver”, or “near-
side”) for the disaggregated analyses. In addition, the basic statistical model was used and the 
site correlation among the repeated observations was not considered in roadway and approach 
level models. The existing right-angle crash frequency models mainly use the traffic flow to 
predict right-angle crashes at intersections; the relationship between right-angle crashes and 
other intersection characteristics has not been investigated intensively. 
In this study, models at intersection, roadway, and approach levels have been fitted and 
the different criteria (“at-fault driver” or “near-side”) are used for assigning crashes. The 
Generalized Estimating Equations, which provide an extension of generalized linear models 
(GLMs) to the analysis of clustered data (Liang and Zeger, 1986; Zeger and Liang, 1986), are 
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used to account for the site correlation among the data in the disaggregated models. Data of 
intersection geometric design features, traffic control and operational parameters, and traffic 
characteristics as well as right-angle crash data were collected. 
 
 
5.2 Data Preparation 
Intersection geometry design features, traffic control and operational features, traffic 
flows, and crashes from 2000 to 2005 were obtained for 197 four-legged signalized intersections 
in the Central Florida area from Orange and Hillsborough Counties. They were selected mainly 
considering that their data are available. The intersections with at least one state road are 
considered since the data for these intersections are well maintained. The intersections which 
have major changes in geometry, signal timing, and traffic flow during the study period were 
excluded; therefore, the traffic operations for the selected intersections remained fairly uniform 
during the study period. The selected intersections are on level sites. 
 
5.2.1 Intersection Characteristics 
Geometry design features for the intersections were extracted by inspecting the aerial 
imagery contained in the software Google Earth (2005), which puts high-resolution aerial and 
satellite imagery and other geographic information on the desktop. The number of through lanes 
on each approach, the number of left-turn lanes and whether they were exclusive, the presence of 
median on each approach, whether having exclusive right-turn lanes on each approach, the types 
of left-turn offset (negative, zero, or positive offset), the angle of the intersections, and the 
direction of each intersection roadway were identified. 
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In both counties, the type of traffic control is correlated with the signal coordination; all 
coordinated intersections are semi-actuated, and all isolated intersections are fully actuated. The 
yellow and the all-red intervals are included in the signal plan provided by the county traffic 
engineering department. The type of left-turn control for each approach was also retrieved, 
which includes “permitted”, “protected”, or “protected/permitted”. Some intersections which are 
controlled by the normal signals most of the time in a day transfer to a flashing mode operation 
during the late night and early morning. The speed limit for each approach is contained in the 
signal plan and was retrieved. 
In Hillsborough County, the traffic engineering department counted the approach 
volumes for each intersection once from 2000 to 2005, and then the annual average daily traffic 
(AADT) on approaches were converted by using the growth rate over the study period provided 
by the traffic department. For Orange County, the approach AADT was converted by averaging 
the roadway segment AADT (in two directions) from 2000 to 2005 maintained by the county 
traffic engineering department. In both counties, the approach turning movements (right, 
through, and left turning) were counted using the electronic hand-held device in a certain year 
from 2000 to 2005 for the peak hours. The approach daily turning movements were converted by 
using the peak hour turning flows supplemented by the AADT on approaches. 
 
5.2.2 Crash Data 
The Crash Analysis Reporting (CAR) system maintained by the Florida Department of 
Transportation (FDOT), which is the most complete crash database for the state road 
intersections, was used to retrieve the crash data over six years for the selected intersections. The 
crashes and the intersections are linked by the intersection nodes. There were a total of 13 218 
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crashes for the selected intersections over six years and the annual average crash frequency per 
intersection was around 11. 
The crash site location (e.g., at intersection), the crash type (e.g., angle), the vehicle 
movement (e.g., straight ahead, making left-turn), direction of travel (e.g., west), and the 
contributing cause (e.g., disregarded traffic signal) for both at-fault and innocent vehicles/drivers 
are stored in the crash database. The right-angle crashes are strictly defined as the crashes that 
occurred at the intersection; both involved vehicles were going straight ahead from two 
intersecting roadways before the collisions. There were 836 angle crashes identified as right-
angle crashes. Another 97 crashes which were classified as non-angle crashes have been 
considered as right-angle crashes by inspecting their original crash reports through the state crash 
report document image retrieval system. Therefore, the total number of right-angle crashes for 
the selected intersections was 933, which was 4.74 per intersection in six years. The proportion 
of right-angle crashes among angle crashes is 34.4%; and 10.4% of right-angle crashes are from 
other crash types. These percentages are close to the data used by Hauer et al. (1988). Forty-four 
percent of right-angle crashes involved injury whereas the percentage of injury crashes is only 
26.7% for other crash types.  
 
5.2.3 Data Assembling 
For the intersection level analysis, the explanatory variables which are retrieved 
originally in approach were arranged into major and minor roadways. The major roadway is the 
road having a higher number of through lanes; in case of having the same number of through 
lanes, the roadway which has the higher AADT is considered to be major. 
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For the roadway level analyses, the right-angle crashes could be assigned to the roadway 
by the at-fault driver or the roadway with the approach whose stop line was nearest to the point 
of collision (treated as the entering roadway). Each intersection has two observations, with the 
major or minor roadway defined as the entering roadway. The explanatory variables which are 
originally in approach were arranged as the entering roadway and the crossing roadway (the 
roadway with the innocent drivers) as illustrated in Figure 10. For the roadway level model 
whose crashes are assigned by the “at-fault drivers” (Figure 10a), the conflicting zones for two 
observations are overlapped.  
For the approach level analyses, the right-angle crashes could be assigned to the approach 
with the “at-fault driver” or the approach whose stop line was nearest to the point of collision 
(“near-side”). Each intersection has four observations, and they were sorted following the 
sequence of eastbound, southbound, westbound, and northbound. The explanatory variables were 
arranged as entering, near-side crossing, far-side crossing, and opposing approaches as illustrated 
in Figure 11. The summary statistics are presented in Table 26, Table 27, and Table 28 for the 




























Figure 10: Roadway Level Model Data Arrangement: (a) crashes assigned by the “at-fault” 







































Figure 11: Approach Level Model Data Arrangement: (a) crashes assigned by the “at-fault” 
driver; (b) crashes assigned to “near-side” approach (the illustrations are based on Westbound) 
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Table 26 
Data Summary Statistics for the Intersection Level Model 
 
Variables Mean Min. Max. Std. Dev 
County (1 if Hillsborough County; 0 if Orange County) 0.6 0 1 0.5 
Total number of through lanes on major roadway 4.5 2 9 1.5 
Total number of through lanes on minor roadway 2.6 2 6 1 
Total number of exclusive right-turn lanes on major roadway 1.1 0 2 0.8 
Total number of exclusive right-turn lanes on minor roadway 0.8 0 3 0.8 
Total number of exclusive left-turn lanes on major roadway 2.3 0 4 0.7 
Total number of exclusive left-turn lanes on minor roadway 1.9 0 5 1.1 
Total number of lanes on major roadway 7.9 4 14 2 
Total number of lanes on minor roadway 5.3 2 12 2.3 
Left-turn offset on major roadway (1 if having zero offset; 0 if 
having no offset; -1 if having negative offset) 0.3 -1 2 0.8 
Left-turn offset on minor roadway (1 if having zero offset; 0 if 
having no offset; -1 if having negative offset) 0.4 -1 1 0.6 
Division on major roadway (1 if having median; 0 if no) 0.7 0 1 0.5 
Division on minor roadway (1 if having median; 0 if no) 0.4 0 1 0.5 
The intersecting angle (degrees) 82.3 36 90 12.4 
Major roadway through AADT (vehicles) 30607 47 82774 16877.9 
Minor roadway through AADT (vehicles) 5774 20 40941 7623.6 
Major roadway right-turning AADT (vehicles) 3312 12 15985 2608.5 
Minor roadway right-turning AADT (vehicles) 3356 92 13354 2639.5 
Major roadway left-turning AADT (vehicles) 3852 74 19206 3347.3 
Minor roadway left-turning AADT (vehicles) 4294 113 19738 3688.2 
Product of though movements on major and minor roadways (in 
106 vehicles) 167 0.1 1309.5 253.1 
Speed limit on major roadway (mph) 44.1 15 60 5.8 
Speed limit on minor roadway (mph) 37.8 15 55 8 
Left-turn protection on major roadway (2 if protected; 1 if 
protected/permitted; 0 if permitted) 1.3 0 2 0.7 
Left-turn protection on minor roadway (2 if protected; 1 if 
protected/permitted; 0 if permitted) 0.6 0 2 0.8 
The yellow interval for through movement on major roadway 
(sec.)  4.4 4 5.5 0.3 
The yellow interval for through movement on minor roadway 
(sec.) 4.2 3 5.5 0.4 
All-red time for though movements on major roadway (sec.) 1.6 0.8 4 0.6 
All-red time for though movements on minor roadway (sec.) 1.8 0.5 5.1 0.8 
Flashing operation (1 if having flashing; 0 if no) 0.1 0 1 0.3 
Signal coordination (1 if coordinated; 0 if isolated) 0.7 0 1 0.5 
Number of right-angle crashes over 6 years at intersection 4.7 0 21 4 




Data Summary Statistics for the Roadway Level Models 
 
Variables Mean Min. Max. Std Dev 
County (1 if Hillsborough County; 0 if Orange County) 0.6 0 1 0.486 
Total number of through lanes on entering roadway 3.5 2 9 1.608 
Total number of right-turn lanes on entering roadway 0.9 0 3 0.832 
Total number of left-turn lanes on entering roadway 2.1 0 5 0.933 
Total number of lanes on entering roadway 6.6 2 14 2.516 
Left-turn offset on entering roadway (1 if having zero offset; 0 if  
having no offset; -1 if having negative offset) 0.4 -1 1 0.682 
Division on entering roadway (1 if having median; 0 if no) 0.5 0 1 0.5 
The intersecting angle (degrees) 82.3 36 90 12.409 
Entering roadway through AADT (vehicles) 18190.5 20 82774 18044.8 
Entering roadway right-turning AADT (vehicles) 3333.7 12 15985 2620.8 
Entering roadway left-turning AADT (vehicles) 4073.3 74 19738 3524.4 
Product of though movements on entering and crossing roadways  
(in 106 vehicles) 
167.0 0.1 1309.5 252.8 
Speed limit on entering roadway (mph) 42.6 15 60 6.292 
Left-turn protection on entering roadway (2 if protected; 1 if  
protected/permitted; 0 if permitted) 0.9 0.000 2.000 0.803 
Yellow time for through movement on entering roadway (sec.)  4.3 3 5.5 0.372 
All-red time for though movements on entering roadway (sec.) 1.7 0.5 5.1 0.703 
Flashing operation (1 if having flashing; 0 if no) 0.1 0 1 0.266 
Signal coordination on entering roadway (1 if coordinated; 0 if  
isolated) 0.7 0 1 0.461 
Number of right-angle crashes over 6 years at entering roadway  
(assigned by “at-fault driver”) 2.3 0 18 2.565 
Number of right-angle crashes over 6 years at entering roadway  
(assigned by “near-side”) 2.3 0 13 2.322 
Note: Since each roadway will be considered as an entering (and crossing) roadway once, the summary statistics for 
entering and crossing roadways are exactly the same. Only summary statistics for entering roadways are included 






Data Summary Statistics for the Approach Level Models 
 
Variable Mean Minimum 
Maximu
m Std Dev 
County (1 if Hillsborough County; 0 if Orange County) 0.6 0 1 0.486 
Total number of through lanes on entering approach 1.8 1 5 0.814 
Total number of right-turn lanes on entering approach 0.5 0 2 0.507 
Total number of left-turn lanes on entering approach 1.1 0 3 0.508 
Total number of lanes on entering approach 3.3 1 7 1.302 
Left-turn offset on entering approach (1 if having zero offset; 
0 if having no offset; -1 if having negative offset) 0.4 -1 1 0.681 
Division on entering approach (1 if having median; 0 if no) 0.5 0 1 0.5 
Angle of intersecting approaches (degrees) 90.2 36 144 13.424 
Entering approach through AADT (vehicles) 9095.3 4 50464 9099.82 
Entering approach right-turning AADT (vehicles) 1666.9 3 11653 1709.8 
Entering approach left-turning AADT (vehicles) 2036.6 0 13005 2124.5 
Entering approach AADT (vehicles) 12798.7 51 50763 10027.2 
Product of though movements on entering and near-side 
crossing approaches (in 106 vehicles) 41.7 0 470 65.6 
Product of though movements on entering and crossing (near-
side and far-side) approaches (in 106 vehicles) 83.5 0 885 128.8 
Speed limit on entering approach (mph) 41.8 15 60 7.053 
Left-turn protection on entering approach (2 if protected; 1 if  
protected/permitted; 0 if permitted) 0.9 0 2 0.843 
Yellow time for through movement on entering approach 
(sec.)  4.3 2.5 5.5 0.384 
All-red time for though movements on entering approach 
(sec.) 1.7 0.5 5.1 0.674 
Flashing operation (1 if having flashing; 0 if no) 0.1 0 1 0.265 
Signal coordination on entering approach (1 if coordinated; 0 
if isolated) 0.4 0 1 0.484 
Number of right-angle crashes over 6 years at entering 
approach (assigned by “at-fault driver”) 1.2 0 10 1.52 
Number of right-angle crashes over 6 years at entering 
approach (assigned by “near-side”) 1.2 0 10 1.45 
Note: Since each approach will be considered as entering (near-side crossing, far-side crossing, and opposing) 
approach once, the summary statistics for entering, near-side crossing, far-side crossing, and opposing approaches 
are exactly the same. In the table, only summary statistics for entering approaches are included based on 788 
approaches for 197 intersections. For each observation, entering, near-side crossing, far-side crossing, and opposing 





Negative Binomial regression is a common tool for modeling cross-sectional count data 
like right-angle crash frequencies at signalized intersections. Generalized Estimating Equations 
(GEEs) provide an extension of generalized linear models (GLMs) to the analysis of clustered 
data, which can account for the site correlation among the repeated observations from the same 
intersections. The methods of modeling correlation in GEEs have been described in previous 
chapters and are explained briefly in this section for how to apply to right-angle crash analysis. 
Suppose the frequency of right-angle crashes occurred at intersection i  on roadway (or 
approach) j  is ijy  ( 1, 2, ...,i K= ; 1, 2, ..., ij n= ). In our case, for the roadway level models, ni = 2; 
for the approach level models, ni = 4. Let the vector of crash frequency for the ith intersection be 
( )′=
iinii
yyY ,,1 L  with corresponding means ( )′= iinii μμμ ,,1 L  and iV  is an estimator of the 
covariance matrix of iY . Suppose ( )′= ijpijij xxx ,,1 L  denote a 1×p  vector of explanatory 
variables associated with ijy . The GEE for estimating β  is an extension of the GLMs to the 
correlated data. If ni = 1, then the GEE estimates are the same as the Negative Binomial 
regression. The link function and linear predictor setup is as regular GLMs. The unstructured 
correlation structure assumes different correlation between any two observations taken at the 





5.4 Modeling Results 
The right-angle crash frequency models at intersection, roadway, and approach levels 
were fitted by using the Generalized Estimation Equations (GEE) with the Negative Binomial as 
the link function using the SAS GENMOD procedure (SAS Institute Inc., 2004). Intersection 
traffic flows, geometric design features, and traffic control and operational features have been 
explored for their safety effectiveness on right-angle crash occurrences. 
 
5.4.1 Right-Angle Crash Frequency Models 
The basic Negative Binomial regression model was fitted for the intersection level right-
angle crashes as shown in Table 29. The dispersion value is 0.3478 and it indicates that the 
crashes are overdispersed. For the roadway and approach level models, right-angle crashes were 
aggregated over the study period (6 years) and assigned by the criteria of “at-fault driver” or 
“near-side”, respectively. The GEE Negative Binomial models were fitted to account for the site 
correlation among the repeated observations from the same intersection. Two roadway level 
models and two approach level models are presented in Table 30 and Table 31, respectively. 
Traffic flows are invariably included as an explanatory variable in each model. Their 
different forms (e.g., original, logarithm) and combinations (e.g., using the through volumes on 
major and minor roadways separately, the product of conflicting through movements, total 
approach volume) were explored for each model and were tested by using the Cumulative 
Residuals method. It was found that the logarithm of the product of the conflicting through flows 
is consistently the most appropriate functional form for the models at the different levels. For 
example, Figure 12a is the Cumulative Residuals plot for the logarithm of the product of the 
major and minor roadway through volumes in the intersection level model, in which the 
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observed Cumulative Residuals (represented by the heavy lines) have no systematic tendency. 
The relatively large p-value (0.9480) which is shown in the lower-right corner on the plot 
indicates that the tested functional form is valid. The functional forms of traffic flows in each 
model are summarized below: 
(1) Intersection Level Model: logarithm (through movements on major roadway × 
through movements on minor roadway) 
(2) Roadway Level Model (“at-fault driver”): logarithm (through movements on entering 
roadway × through movements on crossing roadway) 
(3) Roadway Level Model (“near-side”): logarithm (through movements on entering 
roadway × through movements on crossing roadway) 
(4) Approach Level Model (“at-fault driver”): logarithm (through movements on entering 
approach × through movements on both near-side and far-side crossing approaches) 
(5) Approach Level Model (“near-side”): logarithm (through movements on entering 
approach × through movements on near-side crossing approach) 
 
The models’ overall performances were tested by the Cumulative Residuals method as 
shown in Figure 12b, c, d, e, and f for the intersection level, roadway level “at-fault driver”, 
roadway level “near-side”, approach level “at-fault driver”, and approach level “near-side” 
models, respectively. The intersection level model has a p-value 0.5096. The roadway level “at-
fault driver” model has a p-value 0.8510. The roadway level “near-side” model has the 
maximum p-value of 0.9354. For the approach level “at-fault driver” model, its p-value is 
0.8143. For the approach level “near-side” model, its p-value is 0.8699. The residuals for all five 
models are centered at zero and the plots of the residuals against any coordinate exhibit no 
125 
systematic tendency. The relatively large p-values indicate that the null distributions in 
Kolmogrov-type supremum tests are not violated and so the tested models are valid for all 
models.  
The unstructured correlation structure assumes different correlation between any two 
observations taken at the same intersection. The sequence of the observations in the dataset will 
affect the estimation of GEE models since the correlation matrix will be changed. For the 
roadway level models, each intersection has two observations, with the major roadway as the 
entering roadway as the first observation and the minor roadway as the entering roadway as the 
second observation. The estimated correlation between two observations for the same 
intersection is 0.1827 and 0.4002 for the roadway level “at-fault driver” and “near-side” models, 
respectively. For the approach level models, the estimated correlation between four observations 
for the same intersection is presented in Table 32. The correlation matrix for the approach level 
“at-fault driver” model shows that the approaches on the same roadway have a larger correlation. 
For example, EB and WB, SB and NB have correlations of 0.2047 and 0.5006, respectively. 
There is no clear tendency in the correlation matrix for the approach level “near-side” model. 
126 
Table 29 
Intersection Level Right-angle Crash Model 
 
Variables Estimate Standard Error Chi-quare Pr > ChiSq 
Intercept 0.5672 0.6635 0.73 0.3927 
Logarithm of the product of though movements on 
major and minor roadways  
0.1659 0.0315 27.71 <.0001 
Angle of the intersection      
   > 75 Degrees 0.0088 0.0047 3.53 0.0601 
   ≤ 75 Degrees - - - - 
Number of through lanes on major roadway     
   ≥ 6 -0.4607 0.1782 6.68 0.0097 
   ≥ 4 and < 6 -0.2748 0.1655 2.76 0.0967 
   < 4 0 0 - - 
Speed limit on major roadway (mph) 0.0138 0.01 1.89 0.1689 
Flash operation     
   Having flashing 0.5089 0.1936 6.91 0.0086 
   No flashing 0 0 - - 
County     
   Hillsborough County 0.4238 0.1206 12.35 0.0004 
   Orange County 0 0 - - 
Dispersion 0.3478 0.0626 - - 
     
Summary Statistics  
    Number of intersections 197 
Cumulative Residuals Test  
    Maximum absolute value 2.1569 
    P-value 0.5096 
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Table 30 
Roadway Level Right-angle Crash Models 
 
“At-fault driver” Model “Near-side” Model Variables 
Estimate Z Pr > |Z| Estimate Z Pr > |Z| 
Intercept -2.4508 -3.09 0.002 -2.3552 -3.02 0.0025 
logarithm of the product of the through 
movements on entering and crossing 
roadways 
0.1728 5 <.0001 0.1794 4.71 <.0001 
Number of through lanes on entering roadway       
   ≥ 6 - - - -0.4052 -2.32 0.0203 
   ≥ 4 and < 6 - - - -0.2374 -1.69 0.0903 
   < 4 - - - 0 0 - 
Number of through lanes on crossing 
roadway       
   ≥ 6 -0.7019 -4.27 <.0001 -0.381 -2.19 0.0288 
   ≥ 4 and < 6 -0.3579 -2.58 0.0098 -0.1416 -1.04 0.2992 
   < 4 0 0 - 0 0 - 
Left-turn lane offset on crossing roadway       
   Having zero or positive offset -0.3031 -1.76 0.0791 - - - 
   Having negative offset 0 0 - - - - 
Angle of the intersection       
   > 75 Degrees 0.2586 1.84 0.0659 0.2385 1.65 0.0996 
   ≤ 75 Degrees 0 0 . 0 0 . 
Speed limit on entering roadway (mph) 0.0139 1.55 0.1208 0.0171 2.26 0.0241 
Speed limit on crossing roadway (mph) 0.0123 0.0088 0.1627 - - - 
Flash operation       
   Having flashing 0.5047 2.54 0.0111 0.5087 2.56 0.0105 
   No flashing 0 0 - 0 0 - 
Normalized all-red interval - - - -0.4977 -1.59 0.1112 
County       
   Hillsborough County 0.3662 2.87 0.004 0.4051 3.09 0.002 
   Orange County 0 0 - 0 0 - 
Scale 1.0791 - - 1.0359 - - 
       
Summary Statistics   
   Number of intersections 197 197 
   Observations per intersection 2 2 
   Number of observations 394 394 
Cumulative Residuals Test   
    Maximum absolute value 1.5594 1.3057 




Approach Level Right-angle Crash Models 
 
“At-fault driver” Model “Near-side” Model 
Variables 
Estimate Z Pr > |Z| Estimate Z Pr > |Z| 
Intercept -2.5655 -3.67 0.0002 -1.5183 -2.89 0.0038 
logarithm of the product of the through 
movements on entering and crossing 
approaches* 
0.1411 4.12 <.0001 0.1384 4.53 <.0001 
Number of through lanes on entering approach       
   >2 - - - -0.1837 -1.63 0.104 
   ≤2 - - - 0 - - 
Number of through lanes on crossing 
approach*       
   = 7, 8, or 9 -0.9934 -2.7 0.007 - - - 
   = 6 -0.5186 -2.68 0.0074 - - - 
   = 4 or 5 -0.2538 -1.78 0.0754 - - - 
   = 2 or 3 0 - - - - - 
Left-turn lane offset on crossing roadway       
   Having zero or positive offset -0.2213 -1.3 0.195 - - - 
   Having negative offset 0 - - - - - 
Angle of the intersecting approaches       
   > 120 Degrees - - - 0.9836 2.36 0.0184 
   >75 and  ≤ 120 Degrees - - - 0.2386 1.53 0.1248 
   ≤ 75 Degrees - - - 0 - - 
Speed limit on entering approach (mph) 0.0138 1.8 0.0712 - - - 
Speed limit on crossing approach (mph) 0.0148 1.86 0.0627 - - - 
Difference between the real value and the 
standard yellow time - - - -0.3499 -2.99 0.0028 
Difference between the real value and the 
standard all-red time - - - -0.1124 -1.56 0.1182 
Flash operation       
   Having flashing  0.4791 2.48 0.0131 0.5231 2.72 0.0065 
   No flashing 0 - - 0 - - 
County       
   Hillsborough County 0.4277 3.32 0.0009 0.5918 4.33 <.0001 
   Orange County 0 - - 0 - - 
Scale 1.041 - - 1.0302 - - 
       
Summary Statistics   
   Number of intersections 197 197 
   Observations per intersection 4 4 
   Number of observations 788 788 
Cumulative Residuals Test   
    Maximum absolute value 1.5977 1.3648 
    P-value 0.8143 0.8699 
Note: For “At-fault driver” model, the crossing approaches include approaches in the crossing roadway. For “near-side” model, 
the crossing approach only includes the approach in near side.
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(a)        (b) 
 
  
(c)        (d) 
 
  
(e)        (f) 
Figure 12: Checking the Functional Forms and Link Functions Using Cumulative Residuals 
Method: for (a) Traffic volume functional forms in the intersection level model (LogADT, 
logarithm of the product of through movements on major and minor roadways), (b) Intersection 
level model; (c) “At-fault driver” roadway level model; (d) “Near-side” roadway level model; (e) 
“At-fault driver” approach level model; and (f) “Near-side” approach level model. 
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Table 32 
Working Correlation Matrix for the Approach Level Models 
 
“At-fault Driver” Approach Level Model 
 EB SB WB NB 
EB 1 0.1114 0.2047 0.0768 
SB 0.1114 1 0.1686 0.5006 
WB 0.2047 0.1686 1 0.1603 
NB 0.0768 0.5006 0.1603 1 
“Near-side” Approach Level Model 
 EB SB WB NB 
EB 1 0.2372 0.2054 0.3340 
SB 0.2372 1 0.2967 0.1805 
WB 0.2054 0.2967 1 0.2242 
NB 0.3340 0.1805 0.2242 1 
 
5.4.2 Variable interpretation 
The product of the conflicting through volumes, the number of through lanes, and the 
late-night/early-morning flashing operation are found to significantly affect right-angle crash 
occurrences in all models consistently. There is significant difference between counties for right-
angle crash frequency. Left-turn offset, angle of the intersection, speed limit on conflicting 
roadways, and yellow and clearance interval durations are also found to be significant in some of 
the models. 
The traffic volume is the primary variable of the interest. The relationship between the 
traffic volume and right-angle crashes has been explored in the previous studies (Affum and 
Taylor, 1996; Hauer et al., 1988; Songchitruksa and Tarko, 2006;). Bonneson et al. (2001) found 
that the approach volume is correlated with red-light-running frequency and red-light-running 
rate is correlated with approach right-angle crashes. In this study, it has been found that the 
logarithm of the product of the conflicting through volumes to be significant consistently in the 
models at the different levels. For example, the logarithm of the product of the through 
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movements on entering and near-side crossing approaches is significant for the “near-side” 
approach model (Coef. = 0.1384; p-value < 0.0001) as shown in Table 31. 
The number of through lanes is correlated with the through volumes. In addition, the 
larger number of through lanes is associated with a longer crossing distance. Therefore, the 
number of through lanes was expected to be positively correlated with right-angle crash 
frequency. However, it has been found that this factor has a negative sign consistently in the 
models at the different levels as shown in Table 29, Table 30, and Table 31. In a study predicting 
the red-light-running frequencies, Bonneson and Son (2003) found that that red-light-running 
decreases with increasing cross-street width. In another study, Bonneson and Zimmerman (2004) 
concluded that drivers are less likely to violate a red indication at wide intersections. 
In the roadway and approach “at-fault driver” models, it has been found that providing 
zero or positive offset for opposing left-turn lanes at the crossing roadway will reduce right-angle 
crashes. The reason could be that the zero or positive offset will reduce the crossing distance 
compared to the negative left-turn offset. 
Skewed intersections have wider crossing distance and poor sight distance, which might 
cause more right-angle crashes; however, in this study, it has been found that the skewed 
intersections are associated with less right-angle crashes. In the selected intersections, the 
proportion of large all-red duration values is higher for those skewed intersections, which 
indicates that county traffic engineers have already considered the negative effect of skewness. 
Therefore, it should be noted that although the skewed intersections are associated with less 
right-angle crashes, it can not be used as an appropriate safety countermeasure for improving 
safety. 
132 
The posted speed limit has been identified to be positively correlated with the right-angle 
crash frequency in the models at the different levels. For example, in the approach level “at-fault 
driver” model the speed limits at the entering and crossing approaches are both positive and 
significant (p-values = 0.0712 and 0.0627, respectively) as shown in Table 31. Bonneson et al. 
(2002) found that the degree to which a driver underestimates his or her travel time increases 
with speed; therefore it is likely to run a red-light for drivers at high speed approaches. Bonneson 
and Son (2003) also found that the approach running speed will increase red-light-running 
frequencies. 
In both counties, there were some intersections which are controlled by the normal 
signals most of the time in a day transfer to a flashing operation during the late-night/ early-
morning hours. It has been found consistently that having flashing operation will increase right-
angle crashes. For example, in the intersection level model, this factor has a positive coefficient 
0.5089 and a p-value 0.0086 as shown in Table 29. Polanis (2002), Gaberty and Barbaresso 
(1987) also found that right-angle crashes are more likely occurring when traffic signal are in 
red/yellow flash during the late-night/early-morning hours.  
Yellow and all-red times have been found to affect drivers’ running red-light behaviors 
(Bonneson et al., 2001; Bonneson and Zimmerman, 2004; Bonneson et al., 2002). In the state of 
Florida, FDOT recommends the standard yellow times, which are corresponded to the approach 
speeds (the greater of the posted speed or the 85th percentile speed), based on the ITE equation 
with values sometimes rounded up slightly, and recommends an all-red interval of 1 second for 
approach speeds up to 50 mph, and 2 seconds for approach speeds above 50 mph (Florida 
Department of Transportation, 1999). At each intersection, yellow and all-red times could be 
increased as necessary to fit the specific conditions. The safety effects of the normalized all-red 
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time (defined as the all-red time divided by the crossing distance1) and the differences between 
the real values and the standard values for yellow or all-red intervals have been explored in the 
models. In the near-side roadway model, the normalized all-red time on the entering roadway is 
marginally significant (Coef. = -0.4977; p-value = 0.1112) as shown in Table 30. In the near-side 
approach model, the negative signs for the differences between the real values and the standard 
yellow or all-red times indicate that larger values of yellow and all-red times will reduce the 
right-angle crashes in the conflicting zone near the approach. 
 
 
5.5 Summary and Discussion 
Considering that right-angle crashes are more likely to produce severe crashes, this study 
has focused on this specific type of crashes. The previous right-angel crash studies focused on 
the relationship between traffic volumes and right-angle crash occurrence. This study explored 
the safety effects of intersection geometric design features, traffic control and operational 
features, and traffic volumes on the right-angel crash occurrence. The right-angle crashes have 
been investigated at the intersection, roadway, and approach levels. 
A massive data collection effort has been conducted; a total of 197 four-legged signalized 
intersections were selected in the Central Florida area and their geometric design features, traffic 
control and operational features, traffic, and crash data were all retrieved. The right-angle crashes 
which were classified as non-angle crashes initially were inspected and included. For the 
roadway and approach level models, the crashes were assigned to the specific roadway or 
                                                 
1 It is represented by the number of the crossing lanes. The median width and left-turn offset have also been considered. 
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approaches by using the criteria of “at-fault driver” or “near-side”. The Generalized Estimating 
Equations (GEE) with the Negative Binomial link function have been used for modeling the 
disaggregated models to account for the site correlation among the repeated observations from 
the same intersection. The models have been compared by using the Cumulative Residuals 
method, which shows that for the roadway and approach level models, the “near-side” models 
over-performed the “at-fault driver” models. 
The relationship between traffic volume and right-angle crash occurrences has been 
explored thoroughly, which shows that the logarithm of the product of the conflicting through 
movements is consistently the most significant variable to explain right-angle crashes. This 
confirmed what Hauer et al. (1988) assumed that the frequency of collisions is related to the 
traffic flows to which colliding vehicles belong and not the sum of the entering flows for right-
angle crashes. For geometric design features, the number of through lanes and angle of the 
intersections have been identified to be significant. The roadway and especially the approach 
level models enable researchers to relate right-angle crashes to the features of a specific roadway 
or approach. The left-turn offset has been found to be significant in the “at-fault driver” models 
at the roadway or approach level. 
For the traffic control and operational features, this study confirmed that flashing 
operation during the late-night/early-morning hours will increase right-angle crashes. Higher 
speed limits are associated with higher right-angle crashes. In this study, it has been found that 
normalized all-red intervals at the entering roadway, and the differences between the real values 
and the FDOT standard values for yellow and all-red intervals are significant in the models. 
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CHAPTER 6:  
MODELING LEFT-TURN CRASH OCCURRENCE BY 
CONFLICTING PATTERN 
In order to better understand the underlying crash mechanisms, left-turn crashes at 197 
four-legged signalized intersections were classified into nine patterns based on their vehicle 
maneuvers. Crashes of each pattern were assigned to intersection approaches and crash 
frequency was modeled at the approach level by mainly using Generalized Estimating Equations 
(GEE) with Negative Binomial as the link function to account for the “site correlation” among 
the crash data from the same intersection. GEE with a binomial logit link function was also 
applied for patterns with fewer crashes. 
 
6.1 Introduction 
Left-turning traffic is crucial for intersection operation and safety. This traffic may 
collide with many other traffic flows at signalized intersections, e.g., with left-turning traffic 
from the same and the different approaches, and with through traffic from other approaches; 
therefore, left-turn crashes have many distinct conflicting patterns in their vehicle maneuvers 
before collisions. Left-turn crashes are among the most frequently occurring collision types; 
based on the crash history of 1531 signalized intersections in the state of Florida, left-turn 
crashes rank third, following rear-end and angle crashes, at 4-legged signalized intersections, and 
represent 16% of all intersection reported crashes (Abdel-Aty et al.b, 2005). 
At signalized intersections, differences exist in traffic volumes, site geometry, and signal 
operations, as well as safety performance on various approaches of intersections. Therefore, 
modeling the total number of left-turn crashes at intersections may obscure the real relationship 
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between the crash causes (i.e., intersection characteristics, etc.) and their effects (i.e., left-turn 
crashes, etc.). However, assigning crashes to approach will cause “site correlation” among 
observations from the same intersection. In this study, left-turn crashes were investigated at the 
approach level by conflicting pattern based on geometry and traffic related explanatory variables 
using the appropriate statistical models which are able to analyze site correlated crash 
frequencies. 
 
6.1.1 Factors Affecting Left-Turn Crash Occurrence 
Several studies have attempted to quantify the effects of traffic flow, intersection 
geometric design features, and traffic control and operational features on left-turn crash 
occurrence. Poch and Mannering (1996) fitted an approach level left-turn crash frequency model 
and identified that left-turning movement, opposing approach volume, type of traffic control, 
type of left-turn signal, speed limit, and sight distance all have an effect on left-turn crashes. 
Pernia et al. (2002) identified that overall traffic, the number of lanes on a major road, and the 
presence of a median to be significant. Hauer et al. (1988) assumed that the frequency of 
collisions is related to the traffic flows to which the colliding vehicles belong and not to the sum 
of the entering flows. 
Left-turning traffic can be treated in one of three ways: “permissive”, “compound” 
(“protected/permissive” or “permissive/protected”), and “protected”, and numerous studies have 
been conducted for evaluating their safety effect. Agent (1987) found where “permissive” 
phasing was replaced by “protected/permissive”, the number of left-turn crashes usually 
decreased, except on one approach where the speed limit was larger than 45 mph. Upchurch 
(1991) compared crash rates (left-turn crashes/million left-turning vehicles) for different left-turn 
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phasing and found that “compound” signal has a higher crash rate than “permissive” phasing. 
Many researchers have reached the conclusion that “protected/permissive” phasing has more 
left-turn crashes than “protected” phasing in before-after studies (Benioff and Rorabaugh, 1980; 
Warren, 1985). Lee et al. (1991) found that there was no significant difference in crash 
experience between leading and lagging operations. 
It has been found that as the width of a median increases, the sight distance for left-
turning vehicles decreases significantly (Harwood et al., 1996; Yan and Radwan, 2004). For 
unprotected left-turn traffic at signalized intersections, vehicles turning left from opposing left-
turn lanes often restrict each other’s sight distance (Joshua and Saka, 1992; McCoy et al., 1992). 
Joshua and Saka (1992) pointed out that the minimum value of the offset can be zero feet, but 
cannot be a negative value in practical design, which would result in unsafe conditions. 
 
6.1.2 Crash Modeling Strategy 
Left-turn crash frequency has been commonly modeled by Negative Binomial models. 
Pernia et al. (2002) fitted an intersection level model for left-turn crashes, but they found that the 
model explains the crash variation very limitedly. Poch and Mannering (1996) fitted an approach 
level left-turn crash frequency model, of which crashes were assigned to a specific approach of 
the “at-fault” vehicle. The signs of some variables are contrary to the expectation, e.g., the 
opposing left-turn volume has a negative coefficient. Hauer et al. (1988) classified crashes into 
15 patterns based on vehicle maneuvers before the collisions; Patterns 5 through 12 involve a 
left-turning vehicle, and then crashes were assigned to the approach near the crash site. Separate 
crash models were fitted at the approach level for each pattern based only on conflicting flows. 
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For an approach level model, disaggregating an intersection into approaches may produce 
“site correlation” among the data. A likelihood ratio test was used by Poch and Mannering 
(1996) to test the effect of the “site correlation” on the estimated coefficients between the models 
based on the full sample and the subsets (different approaches). There are serious problems 
arising when basic count data models are used for clustered data, since basic count data models 
assume the dependent variables are independent. For the data at an approach level, the error 
structures become a mixture of random between-intersection errors and highly correlated within-
intersection errors. Generalized Estimating Equations (GEE) provide an extension of generalized 
linear models (GLMs) to the analysis of longitudinal/clustered data, which account for the 
correlation among the observations for a given intersection. In addition, since crashes are rare 
events, disaggregating left-turn crashes by collision pattern and by approach may lead to a high 
proportion of zeros and ones in some collision patterns, GEE with a binomial logit link function 
can be attempted for the patterns with fewer crashes. 
 
6.1.3 Research Objective 
The primary purpose of this study is to investigate the relationship between left-turn 
crash occurrence and intersection features, i.e., geometry design features, traffic control and 
operational features, traffic flows, etc. The left-turn crashes were divided into different 
conflicting patterns based on the vehicle maneuvers before collisions, and then assigned to the 
approach with left-turning vehicles. GEEs, which provide an extension of generalized linear 
models (GLMs) to analyze correlated data, were applied for separate left-turn crash models to 
account for the correlation among the site correlated crash data. 
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6.2 Data Preparation 
Information on intersection geometry design features, traffic control and operational 
features, traffic flows, and crashes from 2000 to 2005 were obtained for 197 four-legged 
signalized intersections from Orange and Hillsborough counties in the Central Florida area. They 
were selected mainly considering for their data availability. The intersections with at least one 
state road were used since the data for these intersections are well maintained. The intersections 
which had major changes in geometry, signal timing, and traffic flow during the study period 
were excluded; therefore, the traffic operations for the selected intersections remained fairly 
uniform during the study period. The selected intersections are on level sites. 
 
6.2.1 Intersection Characteristics 
Geometry design features for the intersections were extracted by inspecting the aerial 
imagery contained in the software Google Earth (Google Inc. 2005), which puts high-resolution 
aerial and satellite imagery and other geographic information on the desktop. The number of 
through lanes on each approach, the number of left turn lanes and whether they were exclusive, 
the presence of median on each approach, whether they had exclusive right-turn lanes on each 
approach, the types of left turn offset (negative, zero, or positive offset), the angle of the 
intersections, and the direction of each intersection roadway were identified. 
Traffic control and operational features were retrieved by inspecting signal plans 
provided by the county traffic engineering departments. The types of left turn control include 
“permissive”, “compound” (“permissive/protected” or “protected/permissive”), or “protected”. 
The speed limit for each approach was also obtained. 
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In Hillsborough County, the daily approach volumes for each intersection are available 
for only one year from 2000 to 2005; these data were converted into the approach annual average 
daily traffic (AADT) by using the growth rates over the study period provided by the traffic 
department. For Orange County, traffic volume is counted for roadway segments (in both 
approaching and departing directions) annually by the county traffic engineering department; the 
approach AADT was obtained by averaging the roadway segment AADT from 2000 to 2005. In 
both counties, the approach turning movements (right-turning, through, and left-turning) for the 
peak hours were counted for a year from 2000 to 2005. The approach daily turning movements 
were derived from the approach AADT supplemented by the proportion of approach turning 
movements at the peak hour. 
 
6.2.2 Crash Data 
The Crash Analysis Reporting (CAR) system maintained by the Florida Department of 
Transportation (FDOT) is the most complete crash database for the state road intersections in 
Florida, and it was used to retrieve the crash data for the selected intersections. There were a 
total of 13,218 crashes for the selected intersections over the six year period and the annual 
average crash frequency per intersection was around 11. 
The crash site location (e.g., at intersection), the initial crash type (e.g., left-turn), the 
vehicle movement (e.g., straight ahead, making left turn), the direction of travel (e.g., west), and 
the contributing cause (e.g., failed to yield right-of-way, disregarded traffic signal) for both at-
fault and innocent vehicles/drivers are stored in the crash database. Left-turn crashes in this study 
are defined as the crashes that occurred at the intersection and at-least one involved vehicle was 
turning left before the collisions, and only vehicular crashes were considered. 
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The vehicular left-turn crashes for the selected intersections are 3098, which account for 
23.4% of all police reported crashes. In addition to the initial 1575 left-turn crashes, another 
1523 crashes, which were originally recorded as other crash types, were determined as left-turn 
crashes since at least one of the involved vehicles was turning left by inspecting their crash 
reports through the state crash report image retrieval system. Additionally, when reviewing the 
crash reports, it was found that for around 30% of left-turn crashes left-turning vehicles’ 
traveling directions were recorded as the destination direction, but not the initiating direction 
before turning. This record error was corrected. 
Left-turn crashes are different from each other. Based on the maneuvers of the involved 
vehicles (vehicle movement and traveling direction), left-turn crashes can be classified into nine 
patterns as shown in Figure 13. For example, Pattern 5 is for those left-turn crashes of which one 
involved vehicle was turning left and another vehicle was going straight on the opposing 
approach. For Pattern 8, left-turning vehicles collide with vehicles going straight from the near-
side crossing approach. Table 33 summarizes left-turn crashes by left-turn conflicting patterns 
and initial crash types, which shows Patterns 5 and 8 are the most frequently occurring collision 







Figure 13: Left-turn Crash Patterns Classified by Conflicting Vehicle Maneuvers (illustrations 
based on northbound left-turning flows) 
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Table 33 
Cross-Tabulations of Left-turn Crashes by Left-turn Conflicting Patterns and Initial Crash Types 
 
Number of left turn crashes in initial crash types  
(percentage of pattern) Pattern Left turn crashes 
(percentage of total) Rear-end Head-on Angle Left turn Right turn Sideswipe Other 























































































































































6.2.3 Data Assembling 
In this study, left-turn crashes were assigned to the approach in which the left-turning 
vehicles entered. In the case of both vehicles were turning left, the crash was assigned to the 
approach with the “at-fault” vehicle. A four-legged signalized intersection has four observations, 
and they were sorted following the sequence of eastbound, southbound, westbound, and 
northbound. The approach level explanatory variables were arranged as entering, near-side 
crossing, far-side crossing, and opposing approaches as illustrated in Figure 14 for Patterns 5 and 
8. The summary statistics are presented in Table 34. Since each approach will be considered as 
the entering, near-side crossing, far-side crossing, or opposing approach once, the summary 
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statistics of each variable for entering, near-side crossing, far-side crossing, and opposing 
approaches are exactly the same. However, for each observation, the variables on different 
approaches can be different. In the table, only summary statistics for entering approaches based 



































Figure 14: Approach Level Model Data Arrangement for Pattern 5 and Pattern 8 (illustrations 
based on northbound left-turning flows) 
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Table 34 
Data Summary Statistics for the Approach Level Models 
 
Variables Mean Minimum 
Maximu
m SD 
County (1 if Orange County; 0 if Hillsborough County) 0.4 0 1 0.49 
Total number of through lanes on entering approach 1.8 1 5 0.81 
Total number of right-turn lanes on entering approach 0.5 0 2 0.51 
Total number of left-turn lanes on entering approach 1.1 0 3 0.51 
Total number of lanes on entering approach 3.3 1 7 1.30 
Left-turn offset on entering approach (1 if having zero offset; 
0 if having no offset; -1 if having negative offset) 0.4 -1 1 0.68 
Division on entering approach (2 if the median ≥ 12 ft; 1 if < 
12 ft; 0 if no median) 0.8 0 2 0.82 
Angle of intersecting approaches (degrees) 90.2 36 144 13.4 
Speed limit on entering approach (mph) 41.8 15 60 7.053 
Left-turn protection on entering approach (2 if “protected”; 1 
if “compound”; 0 if “permissive”) 0.9 0 2 0.843 
Entering approach through AADT (vehicles) 9095.3 4 50464 9099.8 
Entering approach right-turning AADT (vehicles) 1666.9 3 11653 1709.8 
Entering approach left-turning AADT (vehicles) 2036.6 0 13005 2124.5 
Entering approach AADT (vehicles) 12798.7 51 50763 10027.2 
Product of the entering left-turning and far-side crossing 
through movements (in 106 vehicles) 22.7 0 345 38.77 
Product of the entering left-turning and opposing through 
movements (in 106 vehicles) 21.1 0 307 35.58 
Product of the entering left-turning and opposing right-turning 
movements (in 106 vehicles) 5.0 0 103 9.80 
Product of the entering left-turning and near-side crossing 
through movements (in 106 vehicles) 22.0 0 343 37.18 
Sum of the products of the entering left-turning with other 
conflicting left-turning movements  (in 103 vehicles) 7.5 0 78 10.14 
Number of left turn crashes of entering approach 3.991 0 32 4.749 
Number of Pattern 1 left turn crashes of entering approach 0.197 0 6 0.622 
Number of Pattern 2 left turn crashes of entering approach 0.036 0 3 0.217 
Number of Pattern 3 left turn crashes of entering approach 0.137 0 4 0.421 
Number of Pattern 4 left turn crashes of entering approach 0.023 0 2 0.166 
Number of Pattern 5 left turn crashes of entering approach 2.825 0 30 4.316 
Number of Pattern 6 left turn crashes of entering approach 0.102 0 5 0.416 
Number of Pattern 7 left turn crashes of entering approach 0.027 0 2 0.169 
Number of Pattern 8 left turn crashes of entering approach 0.553 0 14 1.258 




Negative Binomial regression is a common tool for modeling cross-sectional count data 
like right-angle crash frequencies at signalized intersections. Generalized Estimating Equations 
(GEEs) provide an extension of generalized linear models (GLMs) to the analysis of clustered 
data, which can account for the site correlation among the repeated observations from the same 
intersections. The methods of modeling correlation in GEEs have been described in previous 
chapters and are explained briefly in this section for how to apply to left-turn crash analysis. 
Suppose the frequency of a specific pattern of left-turn crashes occurred at intersection i  
on approach j  over the study period is ijy  ( 1, 2, ...,i K= ; 1, 2, ..., ij n= ). In our case, for an 
approach level models, ni = 4. Let the vector of crash frequency for the ith intersection be 
( )′=
iinii
yyY ,,1 L  with corresponding means ( )′= iinii μμμ ,,1 L  and iV  is an estimator of the 
covariance matrix of iY . For models using a binomial logit link function, the crash frequency 
will be transferred to 1 if an approach has more than 1 crash. Suppose ( )′= ijpijij xxx ,,1 L  denote 
a 1×p  vector of explanatory variables associated with ijy .The GEE for estimating β  is an 
extension of the GLMs to the correlated data. The unstructured correlation structure assumes 
different correlation between any two observations taken at the same intersection.  
 
 
6.4 Modeling Results 
For the approach level models, left-turn crashes were aggregated over the study period 
and assigned into intersection approaches; therefore, each intersection has 4 observations for 
each collision pattern. As a preliminary study, modeling total left-turn crashes was attempted at 
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the approach level; however, it was difficult to fit a meaningful model, which is not surprising 
since left-turn crashes contain nine patterns, and each pattern has its own conflicting flows and 
possibly other specific related factors. Instead, for Patterns 3, 5, 6, and 8, the approach level 
crash frequencies were modeled by using the Negative Binomial and the GEE with Negative 
Binomial as the link function. GEE with a binomial logit link function was applied for Pattern 1 
which has a higher proportion of zeros and ones in crash frequencies. Patterns 2, 4, 7, and 9, 
similar collisions with left-turning traffic from other approaches, have few crashes and so were 
combined together and modeled by using the GEE with Negative Binomial as the link function. 
The unstructured correlation structure, which assumes a different correlation between any two 
observations taken at the same intersection, has been used for the GEE models. The models were 
fitted by using the SAS GENMOD procedure and assessed by the Cumulative Residuals test. 
Traffic flows, geometric design features, and traffic control and operational features were 
explored for their safety effectiveness on crash occurrences of different patterns and their main 
effects were calculated by using the type III analysis. 
 
6.4.1 Pattern 5 Left-Turn Crash Frequency Estimations  
For Pattern 5 left-turn crashes, left-turning traffic collides with on-coming through traffic, 
which accounts for 72.5% of all left-turn crashes. Around 44% of these crashes involve injuries. 
As shown in Table 35, the dispersion value is 0.9916 for the Negative Binomial model, which 
indicates that the crashes are overdispersed. In Figure 15a, the observed cumulative residuals are 
represented by the heavy lines, and the simulated curves are represented by the light lines. The 
residuals for the model are centered at zero and the plots of the residuals against any coordinate 
exhibit no systematic tendency. The Cumulative Residual test for the GEE model has a p-value 
149 
of 0.6893 as shown in the right corner on the plot, which is computed based on a sample of 
10,000 simulated residual paths. This large p-value indicates that the model is valid. 
Since there are four observations per intersection, the estimated correlation matrix is 4 by 
4, with 1 in diagonal. The maximum correlation value is 0.3079 which exists between the two 
approaches from the same roadway. As shown in Table 35, the estimates and the test statistics 
are different between the GEE and the basic Negative Binomial models, which show the effect of 
the “site correlation”. The product of the conflicting flows (left-turning traffic and on-coming 
through traffic), the number of through lanes on the opposing approach, the median type, the 
type of left-turn phasing, the speed limit on the opposing approach, and the counties are 
significant for Pattern 5 crash occurrences. 
The type of left-turning signal is highly significant in the models. Comparing to a 
“permissive” phase, protecting left-turning traffic reduces crashes (Coef. = -0.6181), which is 
consistent with the conclusion reached by Benioff and Rorabaugh (1980) and Warren (1985). It 
has been found that the safety effectiveness of “compound” phase and “permissive” phase is not 
consistent (Agent, 1987; Upchurch, 1991). In this study, “compound” phase is correlated with 
more crashes compared to “permissive” phase (Coef. = 0.5111). One obvious reason is that at a 
“compound” signal left-turning and opposing through traffic is usually higher than that for a 
“permissive” signal. In addition, “compound” phase is the most complicated phasing. Left-
turners may enter intersections on a permissive green waiting to make a left-turn, and they may 
use the clearance interval if there are no gaps, which increases the possibility of collision 
especially when they incorrectly presume that the opposing through traffic is being cleared at the 
same time that the adjacent through movement remains green, known as “yellow trap” (FHWA, 
2004). Moreover, for a “compound” phase, on-coming through vehicles may also violate the 
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signal or fail to yield right-of-way to left-turning traffic. As shown in Figure 16, in 15% of 
crashes at “compound” approaches, through vehicles were at-fault. 
Traffic flows are invariably included as explanatory variables in crash frequency models. 
Hauer et al. (1988) assumed that the frequency of collisions is related to the traffic flows to 
which the colliding vehicles belong and not to the sum of the entering flows. The logarithm of 
the product of conflicting flows (left-turning traffic and on-coming through traffic) is identified 
to be the most appropriate form for Pattern 5 left-turn crash occurrence, with a p-value of 0.3005 
in the Cumulative Residuals test, as shown in Figure 15b. 
The speed limit on the opposing approach is found to be significant (Coef. = 0.0365; p-
value < 0.0001). As the speed limit on the opposing approach increases, the required sight 
distance also increases for unprotected left-turning vehicles. As shown in Figure 16, as the 
protection level increases, more on-coming through vehicles violated traffic signal or failed to 
yield right-of-way to the left-turning vehicles. Bonneson et al. (2002) found that the degree to 
which a driver underestimates his or her travel time increases with speed; therefore it is likely to 
run a red-light for drivers at high speed approaches. 
151 
Table 35 
Approach Level Pattern 5 Left-turn Crash Frequency Models 
 
Negative Binomial GEE Negative Binomial Variables 
Estimate χ2 p-value Estimate Z p-value 
Intercept -4.2299 81.29 <.0001 -4.308 -8.05 <.0001 
Logarithm of the product of the entering 
left-turning and opposing through 
movements 
0.2008 50.67 <.0001 0.2218 6.52 <.0001 
Number of through lanes on opposing 
approach       
≥3 0.4043 5.02 0.025 0.4604 2.16 0.0306 
2 0.4245 8.36 0.0038 0.4168 2.44 0.0145 
1 0 - - 0 - - 
Median on entering approach       
Wide median (≥12 ft) 0.4459 9.1 0.0026 0.4032 2.32 0.0201 
Narrow median (<12 ft) 0.2381 2.73 0.0983 0.2625 1.57 0.1168 
No median 0 - - 0 - - 
Types of left-turn phasing on entering 
approach       
“Protected” -0.4972 11.22 0.0008 -0.6181 -3.37 0.0008 
“Compound” 0.5491 17.47 <.0001 0.5111 3.37 0.0007 
“Permissive” 0 - - 0 - - 
Speed limit on opposing approach (mph) 
0.0413 29.73 <.0001 0.0365 4.13 <.0001 
County       
Orange County -0.6964 49.11 <.0001 -0.6905 -4.88 <.0001 
Hillsborough County 0 - - 0 - - 
Dispersion parameter 0.9916 - - 1.1534 - - 
   
Summary Statistics   
    Number of intersections 197 197 
    Observations per intersection 4 4 
    Number of observations 788 788 
Cumulative Residuals Test   
    Maximum absolute value 2.0753 4.4930 




(a)       (b) 
Figure 15: GEE Model Assessment Using Cumulative Residuals Method for: (a) Pattern 5 





















Through Traff ic At-fault
Left-turning Traff ic At-fault
 
Figure 16: Pattern 5 Left-turn Crash At-Fault Distributions for Different Left-turn Phasing 
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The crossing distance of left-turning vehicles is represented by the number of through 
lanes on the opposing approach, which is found to be significant to influence crash occurrences. 
A higher number of through lanes is correlated with more crashes. From the crash data, left-
turning traffic contributed 81.5% of left-turn crashes; a wider crossing distance increases the 
exposure of the left-turning vehicle, as well as the chance of conflict with on-coming through 
vehicles. As Joshua and Saka (1992) pointed out that the left-turn lane offset is only significant 
for the unprotected left-turning signal, it is not significant in this study. 
As shown in Table 35, a wide median (≥12 ft) is found to increase left-turn crashes (Coef. 
= 0.4032); a narrow median (<12 ft) also has more left-turn crashes (Coef. = 0.2625) compared 
to an approach without a median, but coefficient for a wide median is larger. Yan and Radwan 
(2004) found that as the width of a median increases, the sight distance for left-turning vehicles 
decreases significantly. 
Intersections were collected from Orange and Hillsborough counties in the Central 
Florida area. They are similar in geometric design standards, climate, land use, etc. But the factor 
of county is significant in the model, which reflects that there are still some differences between 
counties, e.g., drivers, the proportion of trucks, crash reporting thresholds (Abdel-Aty et al., 
2005b). 
In addition to a larger p-value in the Cumulative Residuals test, the GEE model has more 
plausible estimates. For example, for the number of through lanes on the opposing approach, the 
level of 3 lanes has a larger coefficient than 2 lanes in the GEE model (0.4604 vs. 0.4168), which 
is reasonable; however, the basic Negative Binomial model has a larger estimate for the level of 
2 lanes as shown in Table 35. 
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6.4.2 Pattern 8 Left-Turn Crash Frequency Estimations  
For Pattern 8 left-turn crashes, left-turning traffic collides with near-side crossing through 
traffic. Around 50% of Pattern 8 left-turn collisions involve injuries, which is much higher than 
the average for left-turn crashes (41%). As shown in Table 36, the conflicting traffic (the 
entering left-turning and near-side crossing through movements), the number of through lanes on 
the opposing approach, the median type, the type of left-turning phasing, the speed limit on the 
near-side crossing approach, and intersection location are significant. As shown in Figure 15a, 
the relatively large p-value (0.9281) of the Cumulative Residuals test indicates that the model is 
well fitted.  
Hauer et al. (1988) included only the left-turning traffic in their model for this pattern. In 
this study, the logarithm of the product of the conflicting flows (left-turning traffic and near-side 
crossing through traffic) is the most appropriate form (p-value = 0.7615, as shown in Figure 
15b), and it is also highly significant (p-value < 0.0001) in the model. 
From the crash data, the through traffic was at-fault in about 70% of crashes; they 
disregarded traffic signals or failed to yield right-of-way to left-turning flow. In contrast to 
Pattern 5, both the number of the through lanes on the opposing approach and the presence of a 
median have negative signs, which indicate that when a through vehicle from the near-side 
crossing approach crosses an intersection, the driver is prone to obey the traffic signal if the 
crossing distance is wide. And even though a through vehicle violated signals inattentively, the 
chance of avoiding a collision is higher when the crossing distance is wide. 
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Table 36 
Approach Level Pattern 8 Left-turn Crash Frequency Models  
 
Negative Binomial GEE Negative Binomial 
Variables 
Estimate χ2 p-value Estimate Z p-value 
Intercept -6.7123 80.05 <.0001 -6.7929 -8.09 <.0001 
Logarithm of the product of the entering left-
turning and near-side crossing through 
movements 
0.3476 71.78 <.0001 0.354 7.85 <.0001 
Number of through lanes on opposing approach
      
≥ 4 -2.1178 3.99 0.0457 -2.0504 -1.83 0.0671 
 3 -1.208 15.9 <.0001 -1.1955 -3.49 0.0005 
 2 -0.5278 7.12 0.0076 -0.5207 -2.33 0.0197 
 1 0 - - 0 - - 
Median on entering approach       
With Median -0.3152 2.66 0.1028 -0.3083 -1.46 0.1452 
Without Median 0 - - 0 - - 
Types of left-turn phasing on entering approach       
“Protected” and “compound” 0.3463 4.73 0.0297 0.3316 1.8 0.0718 
“Permissive” 0 - - 0 - - 
Speed limit on near-side crossing approach 
(mph) 0.0213 3.14 0.0764 0.021 1.55 0.1203 
County       
Orange County -0.3977 7.48 0.0062 -0.4079 -2.47 0.0135 
Hillsborough County 0 - - 0 - - 
Dispersion parameter 1.1038 - - 1.0895 - - 
   
Summary Statistics   
Number of intersections 197 197 
Observations per intersection 4 4 
Number of observations 788 788 
Cumulative Residuals Test   
Maximum absolute value 0.6339 0.9758 




(a)       (b) 
Figure 17: GEE model assessment using Cumulative Residuals method: for (a) functional form 
test for the traffic flows in Pattern 8; and (b) Pattern 8 overall model 
 
As shown in Figure 18, when the protection level of left-turning traffic increases, a higher 
proportion of through traffic from the near-side crossing approaches violated traffic signals of 
the left-turning traffic. A “protect” phase or a “compound” phase have more Pattern 8 crashes 
(Coef. = 0.3316). As the speed limit of the near-side crossing approach increases, more through 
drivers would violate left-turning signals of the crossing approach; a high speed limit on near-
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Figure 18: Pattern 8 Left-turn Crash At-Fault Distributions for Different Left-turn Phasing 
 
6.4.3 Pattern 1 Left-Turn Crash Frequency Estimations  
For Pattern 1 left-turn crashes, left-turning vehicle collides with other left-turning 
vehicles from the same approach. The GEE model with a Negative Binomial link function has a 
small p-value (0.0144) in the Cumulative Residuals test; therefore, a Negative Binomial model 
was not considered appropriate and a binary factor (crash, no crash per intersection approach) 
was modeled using a GEE model with a binomial logit link function and it has a p-value of 
0.2572 as shown in Table 37. 
The entering left-turning movements and the speed limit on the entering approach have 
positive coefficients, 0.6536 and 0.036, respectively. Considering that Pattern 1 crashes are 
probably rear-end and sideswipe crashes in their initial impacts, it is plausible as the left-turning 
traffic or/and the speed limit increase, the chance of rear-end and sideswipe collisions increases. 
Compared to the approaches with double or no left-turn lanes, the approach with a single left-
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turn lane has fewer crashes. It should be noted that the target crashes in the study only include 
those left-turn crashes occurring at intersections. 
 
Table 37 
Approach Level Pattern 1 Left-turn Crash Models 
 
GEE Negative Binomial GEE Binomial Logit Variables 
Estimate χ2 p-value Estimate Z p-value 
Intercept -6.4012 -5.08 <.0001 -7.8688 -5.76 <.0001 
Logarithm of the entering left-turning 
movements 0.6204 4.41 <.0001 0.6536 4.48 <.0001 
Number of left-turn lanes on entering 
approach       
≥ 2 0.07 0.17 0.8613 0.3376 0.72 0.4709 
 1 -1.2508 -3.52 0.0004 -0.8624 -2.07 0.0386 
 0 0 - - 0 - - 
Speed limit on entering approach (mph) 0.0142 0.85 0.3926 0.0351 1.88 0.0607 
Scale 1.1359 - - 1 - - 
   
Summary Statistics   
    Number of intersections 197 197 
    Observations per intersection 4 4 
    Number of observations 788 788 
Cumulative Residuals Test   
    Maximum absolute value 1.6830 0.5049 
    P-value 0.0144 0.2572 
 
6.4.4 Pattern 3 Left-Turn Crash Frequency Estimations 
Pattern 3 left-turn crashes occur when left-turning vehicles are attempting to merge into the 
receiving lane of the far-side approach. In the crash data, left-turning vehicles and through 
vehicles have a similar chance of being at-fault. The GEE model is acceptable with a p-value of 






Approach Level Pattern 3 Left-turn Crash Frequency Models 
 
Negative Binomial GEE Negative Binomial 
Variables 
Estimate χ2 p-value Estimate Z p-value 
Intercept -7.7157 37.43 <.0001 -7.6544 -6.68 <.0001 
Logarithm of the product of the entering 
left-turning and far-side crossing through 
movements 
0.2767 18.94 <.0001 0.278 4.77 <.0001 
Number of through lanes on opposing 
approach       
≥ 3 -2.038 11.42 0.0007 -2.0717 -3.66 0.0003 
 2 -0.544 5.57 0.0183 -0.5349 -2.52 0.0116 
 1 0 - - 0 - - 
Speed limit on far-side crossing approach 
(mph) 0.0379 3.56 0.0591 0.036 1.98 0.0476 
Dispersion parameter 0.9075 - - 0.9145 - - 
   
Summary Statistics   
    Number of intersections 197 197 
    Observations per intersection 4 4 
    Number of observations 788 788 
Cumulative Residuals Test   
    Maximum absolute value 0.2558 0.5116 
    P-value 0.4128 0.4779 
 
The logarithm of the product of the conflicting flows (left-turning traffic and far-side 
crossing through traffic) is highly significant (p-value < 0.0001). The interesting finding is that 
as the crossing distance (represented by the number of through lanes on the opposing approach) 
increases, Pattern 3 crashes decrease, which is indicated by the negative coefficients of the 
variable crossing distance in Table 38. Since the common contributing causes are “failed to yield 
right-of-way” and “disregarded traffic signal”, it is plausible that as the crossing distance 
increases, drivers will be more aware of the signal and obey the traffic light. They could also 
have more time to react and avoid a collision. A higher speed limit on the far-side crossing 
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approach is correlated with a higher crash frequency (Coef. = 0.036). As the speed limit 
increases, more red-light-running related crashes occur. 
 
6.4.5 Pattern 6 Left-Turn Crash Frequency Estimations 
A left-turning vehicle may collide with right-turning vehicles from the opposing 
approach. The common contributing cause for this type of crash is failure to yield right-of-way, 
and 66.3% of this type of crashes is the right-turning vehicles’ fault. As shown in Table 39, only 
the logarithm of the product of the conflicting flows (the entering left-turning and opposing 
right-turning movements) is identified to be significant (Coef. = 0.4683; p-value < 0.0001). 
 
Table 39 
Pattern 6 Approach Level Left-Turn Crash Models 
 
Negative Binomial GEE Negative Binomial Variables 
Estimate χ2 p-value Estimate Z p-value 
Intercept -11.08 55.61 <.0001 -9.516 -7.76 <.0001 
Logarithm of the product of the entering 
left-turning and opposing right-turning 
movements 
0.5905 37.51 <.0001 0.4683 6.02 <.0001 
Dispersion parameter 3.135 - - 0.9645 - - 
   
Summary Statistics   
    Number of intersections 197 197 
    Observations per intersection 4 4 
    Number of observations 788 788 
Cumulative Residuals Test   
    Maximum absolute value 0.2851 0.6520 
    P-value 0.1825 0.2478 
 
6.4.6 Patterns 2, 4, 7, and 9 
Left-turning traffic may collide with left-turning traffic from other approaches. There 
were only 71 crashes of these patterns in total, which is insufficient to fit separate models for 
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each pattern. Instead, crashes were combined together and a GEE model is presented in Table 40. 
The square root of the sum of the products of the conflicted left-turning flows for the included 
patterns is significant (Coef. = 0.0109, p-value < 0.0001). 
 
Table 40 
Patterns 2, 4, 7, and 9 Approach Level Left-turn Crash Models 
 
GEE Negative Binomial Variables 
Estimate Z p-value 
Intercept -3.319 -14.11 <.0001 
Square root of the sum of the products of the conflicted left-
turning flows for included patterns 0.0109 5.93 <.0001 
Dispersion parameter 1.0566 - - 
  
Summary Statistics  
    Number of intersections 197 
    Observations per intersection 4 
    Number of observations 788 
Cumulative Residuals Test  
    Maximum absolute value 0.4268 
    P-value 0.5094 
 
 
6.5 Summary and Conclusions 
Left-turn crashes account for a high percentage of total crashes at signalized intersections 
and they are prone to be severe due to the relatively high conflicting speeds of involved vehicles 
and the angle of impact. This study investigated left-turn crash occurrences at signalized 
intersections. A massive data collection effort has been done. A total of 197 four-legged 
signalized intersections were selected in the Central Florida area.  Intersection characteristics and 
crashes were collected. When inspecting the crash reports, it was found that half of left-turn 
crashes were originally recorded as other crash types. All 3098 left-turn crashes were divided 
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into 9 patterns based on vehicle maneuvers. In the data, 41.0% of left-turn crashes involved 
injury, whereas the percentage of injury crashes was only 22.7% for all other crashes. 
This study presents a series of frequency models for different left-turn crashes. Negative 
Binomial regression is a common tool for modeling cross-sectional count data. Since intersection 
features probably vary among different approaches, an approach level model is better able to 
relate crash cause and effect. However, assigning crashes to the approach will cause “site 
correlation” among observations from the same intersection. To overcome this problem, the “site 
correlation” among the approach level crashes was modeled by using the Generalized Estimating 
Equations (GEEs). Models were assessed by using the Cumulative Residuals test and we found 
that the GEE models outperformed the basic Negative Binomial models for site correlated data. 
The estimation results show that there are obvious differences in the factors that cause the 
occurrence of different collision patterns and the factors, even when identical, influence each 
model in different ways. First, the logarithm of the product of conflicting flows was usually the 
most significant factors in each model, which confirms the assumption that the frequency of 
collisions is related to the traffic flows to which the colliding vehicles belong and not to the sum 
of the entering flows. Second, the type of left-turn phasing is the most significant factor for 
Pattern 5 crashes, and this study confirms the previous studies (Benioff and Rorabaugh, 1980; 
Warren, 1985) that “protected” phase is safer than “permissive” phase and that “compound” 
signal usually has more left-turn crashes than “permissive” phase (Upchurch, 1991); however, 
this study found different effects for Pattern 8. Third, the opposing crossing distance and the 
median on the entering approach have different safety effects for Patterns 5 and 8; a wide 
crossing distance is correlated with more Pattern 5 crashes, but fewer Pattern 8 crashes. Fourth, a 
higher speed limit for the approach of the through movement is identified to be significant for 
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Patterns 1, 3, 5, and 8. In addition, Table 41 summarizes the main effects of significant variables 
of all 7 GEE models by using the type III analyses; variables are sorted according to their 
relative significance in the models. As shown in Table 41, traffic volumes are the most 
significant variable for different patterns, except for Pattern 5, for which the type of left-turn 
signal on the entering approach has the largest χ2 (34.69). All these findings indicate that left-turn 
crashes should be considered in different patterns in order to develop efficient countermeasures 
for crashes and improve safety at signalized intersections. 
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Table 41 
Factors’ Main Effect (Type III Analysis) for Left-turn Crash Models 
 
Factors DF χ2 p-value 
Pattern 1 
Logarithm of the entering left-turning movement 1 24.58 <.0001 
Number of left-turn lanes on entering approach 2 11.67 0.0029 
Speed limit on entering approach (mph) 1 2.98 0.0845 
Pattern 3 
Logarithm of the product of the entering left-turning and far-
side crossing through movements 1 20.03 <.0001 
Number of through lanes on opposing approach 2 19.47 <.0001 
Speed limit on far-side crossing approach (mph) 1 3.07 0.0797 
Pattern 5 
Types of left-turn phasing on entering approach 2 34.69 <.0001 
Logarithm of the product of the entering left-turning and 
opposing right-turning movements 1 29.86 <.0001 
County 1 25.33 <.0001 
Speed limit on opposing approach (mph) 1 12.68 0.0004 
Number of through lanes on opposing approach 2 5.41 0.0670 
Median on entering approach 2 4.16 0.1251 
Pattern 6 
Logarithm of the product of the entering left-turning and 
opposing right-turning movements 1 21.97 <.0001 
Pattern 8 
Logarithm of the product of the entering left-turning and near-
side crossing through movements 1 47.22 <.0001 
Number of through lanes on opposing approach 3 17.17 0.0007 
County 1 5.36 0.0206 
Speed limit on near-side crossing approach (mph) 1 3.02 0.0820 
Median on entering approach 1 2.06 0.1508 
Types of left-turn phasing on entering approach 1 1.60 0.2059 
Patterns 2, 4, 7, and 9 
Square root of the sum of the products of the conflicted left-
turning flows for the included patterns 1 7.40 0.0065 
 
165 
CHAPTER 7:  
SEVERITY ANALYSIS FOR LEFT-TURN CRASHES 
7.1 Introduction 
Left-turn crashes account for a high percentage of total crashes at signalized intersections 
and they are prone to be severe possibly due to the relatively high conflicting speeds of involved 
vehicles and the angle of impact. For 197 signalized intersections collected in Orange and 
Hillsborough counties, 64.2% of left-turn crashes involved injury, whereas the percentage of 
injury crashes was only 50.1% for all other crashes. Among left-turn crashes, Pattern 5 (left-
turning traffic colliding with on-coming through traffic) is the most frequently occurring 
collision type, which accounts for 72.5% of left-turn collisions, and around 69% of these crashes 
involve injuries; therefore, it is necessary to investigate the effects of intersection and crash 
related factors on crash injury severity for this type of left-turn crashes. 
In police reports, crash injury severity (the overall severity of the crash by drawing upon 
the most severe injury code applied to any person involved in the crash) is categorized as 
follows: no injury (property damage only, PDO), possible injury (no visible signs of injury), non-
incapacitating injury (any visible injuries, e.g., bruises or limping), incapacitating injury (any 
visible signs of injury and the person is carried from the scene) and fatal injury (an injury 
sustained in a motor vehicle crash that results in death within 90 days). They are inherently 
ordered multiple choice variables. Many statistical modeling techniques have been applied for 
crash injury severity analysis, including logit, nested logit, ordered logit and probit models. 
Binary logit model has been used commonly when injury severity is classified into two 
levels. Al-Ghamdi (2002) applied binary logit model to examine the effect of crash 
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characteristics on fatal and non-fatal injury, and crash location and cause of crash are found to be 
significant. Krull et al. (2000) explored the effect of rollovers and tripping event sequence 
surrounding rollover crashes on driver injury severity by using binary logistic regression of 
severe injury and non-severe injury; they found that driver injury severity increases with 
rollovers, failure to use a seatbelt, passenger cars, alcohol use, daylight, rural roads, posted speed 
limit, and dry pavement. Dissanayake and Lu (2002) developed binary logit model for driver 
injury severity and crash injury severity to identify factors influencing severity of injury to older 
drivers in fixed object–passenger car crashes. 
A multinomial logit model can be specified for multiple alternatives of injury severity. 
Shankar and Mannering (1996) considered environmental, roadway, vehicular, and rider 
characteristics in their multinomial logit analysis of single vehicle motorcycle crash-injury 
severity. Carson and Mannering (2001) developed multinomial logit models to examine the 
effect of ice-warning signs on crash-injury severity for different roadway functional classes. 
Ulfarsson and Mannering (2004) explored differences in injury severity between male and 
female drivers in single and two-vehicle; separate multinomial logit models of injury severity 
were estimated for male and female drivers. Minor crashes are usually underreported. The 
coefficient estimates of an unordered multinomial logit probability model are consistent except 
for the constant term (McFadden, 1981; Washington et. al. 2003). However, the logit model’s 
assumption of independent errors for each alternative is inconsistent with the fact that the 
alternatives are ordered (Train, 2003). For example, with crash injury severity, incapacitating 
injury is close to fatal injury and less similar to no injury. 
Ordered probit model has been applied commonly to fit the ordinal data structure of 
injury severity. O’ Donnell and Connor (1996) investigated how variations in the attributes of 
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road users can lead to variations in the probabilities of sustaining different levels of injury in 
motor vehicle crashes by using ordered probit model. Abdel-Aty (2003) applied ordered probit 
model to predict crash injury severity on roadway sections, signalized intersections and toll 
plazas by using the Florida crash database (DHSMV). By using ordered probit model, Kweon 
and Kockelman (2003) showed that wearing seatbelts decreases the risk of injury in crashes on 
highways. Jianming and Kockelman (2004) used ordered probit model to predict injury severity 
based on factors including traffic, roadway and occupant characteristics and weather conditions 
at the time of a crash and type of vehicle. Khattak (2001) applied ordered probit model to 
examine injury severity of multi-vehicle rear-end crashes. Abdel-Aty and Keller (2005) created 
ordered probit crash severity models by using roadway attributes and crash types for crashes 
occurred at the signalized intersections. 
Ordered model is straightforward by imposing the restriction that the regression 
parameters except the intercepts are the same for different severity levels; however, it is not clear 
whether the distances between adjacent severity levels are equal. A nested logit models can 
account for the pattern of similarity and dissimilarity among different injury levels; however, 
such a specification does not actually fit the structure of the ordinal data (Train, 2003). 
In summary, there are numerous studies analyzing crash injury severity; however, only 
limited studies examine crash injury severity at signalized intersections (Abdel-Aty, 2003; 
Abdel-Aty and Keller, 2005); and there is no study investigating injury severity for left-turn 
crashes in specific. In addition, most severity analyses depend on crash data in which most 
intersection attributes are not included (i.e., traffic volume, left-turn protection, left-turn offset, 
etc); however, these are the only viable factors traffic engineers have some control over. 
Analyzing different crash types (e.g., left-turn) enables researchers to identify specific factors for 
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crash occurrence and then to develop efficient countermeasure to reduce severity, and locating 
left-turn crashes to the site where they occurred enables researchers to specify the effect of 
attributes of intersection geometric design features, traffic control and operational features, and 
traffic characteristics on crash injury severity. Furthermore, crashes occurred at the same 
intersection or intersection approach may have similar propensity in crash severity. These 
crashes might be correlated and this correlation has never been explored in injury severity 
analysis. The conventional ordered model ignores the correlation among the data; standard errors 
may be incorrectly estimated and thus certain covariates may be incorrectly identified as 
significant predictors in a model. 
Generalized Estimating Equations (GEE) provides an extension of generalized linear 
models to the analysis of longitudinal or clustered data (Liang and Zeger, 1986; Zeger and Liang, 
1986). Hutchings et al. (2003) applied GEEs with binary logit link function in an analysis of 
motor vehicle crash data to account for the correlation among occupants within vehicles and the 
correlation among occupants within crashes. They found that when accounting for the correlation 
variable’s significance changes. 
The purpose of this study is to investigate crash severity at signalized intersections for 
Pattern 5 left-turn crashes specifically. Driver attributes, vehicular characteristics, intersection 
attributes (including intersection geometric design features, traffic control and operational 
features, and traffic characteristics), environmental factors, and crash characteristics are collected 
for left-turn crashes and their effect on injury severity will be explored by using ordered probit 
model. The GEE with ordered probit link function will be developed and the results will be 
compared with the conventional ordered probit model. 
169 
7.2 Data Preparation 
Information on intersection geometry design features, traffic control and operational 
features, traffic flows, and crashes from 2000 to 2005 were obtained for 197 four-legged 
signalized intersections from Orange and Hillsborough counties in the Central Florida area. As 
summarized in Chapter 6, there are 2245 Pattern 5 left-turn crashes, which account for 72.5% of 
all left-turn crashes. The crash injury severity distribution is 31.2%, 24.6%, 29.2%, 14.1%, and 
0.9% for no injury, non-incapacitating evident injury, incapacitating injury, and fatal injury, 
respectively. 
Based on the vehicle movement (e.g., straight ahead, making left turn) and the direction 
of travel (e.g., west) in crash data, left-turn crashes were assigned to the approach with the left-
turning vehicle. The approach level intersection attributes obtained are arranged as entering, 
near-side crossing, far-side crossing, and opposing approaches as illustrated in Figure 14. Factors 
explored in this analysis include driver attributes, vehicular characteristics, intersection attributes 
(including intersection geometric design features, traffic control and operational features, and 
traffic characteristics), environmental factors, and crash characteristics. 
 
 
7.3 Methodology:  GEEs for Ordinal Categorical Data 
The severity level in a traffic crash is categorized into five categories in increasing of 
severity: no injury, possible injury, non-incapacitating injury, incapacitating injury and fatal 
injury. McKelvey and Zavoina (1975) proposed the ordered probit model, which has been 
commonly used for analyzing crash severity. Washington et al. (2003) and Train (2003) have 
explained conventional ordered models in details. It is restricted to assume that coefficients of 
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ordered model are the same except for intercepts. This assumption can be tested by a score test 
(SAS Institute Inc., 2004). 
Toledano and Gatsonis (1999) explained how ordered probit model extends to correlated 
data by using Generalized Estimating Equations (GEEs). Crashes occurred at a certain 
intersection, especially at an intersection approach, might be correlated. For correlated crashes at 
the approach level, multiple ordinal categorical responses CY oij ,,1 L=  are obtained for 
intersection approach ni ,,1 L=  on crash Jj ,,1 L= . Assume that each injury severity level 
results from categorization of a continuous underlying unobserved variable *ijY  at a set of cut 
points 1,1   −≤≤ Cjj θθ L  such that cY oij =  when jccj θθ ≤≤− *ij1, Y  for −∞=0jθ  and ∞=jCθ . For 
estimation, oijY  is transformed into a vector ijΥ  of cumulative indicator functions 
( )1,,1 −= CcYijc L , with 1=ijcY  if cY oij ≤  and 0=oijY  otherwise. The overall response vector is 
( )TTiJTii ΥΥ=Υ ,,1 L .  
The expectation of ijcY  is ( )jijoijijc BxcYpr ,|≤≡μ , where ijx  is covariates and jB  is 
parameters. ijcμ  is related to ( )jij Bx ,  using a multiplicative ordinal regression model with a 
probit link ( )ijcμ1−Φ . jB  is estimated by using the iterative method of Fisher scoring to solve 









1 0/1 μμ . The variance matrix of iΥ  is iV . 
The number of crashes is extremely unbalanced at approaches of selected intersections 
(the minimum size is 1, the maximum size is 30), which causes problem for model estimation. 
The GEE with an independent correlation structure is applied, which accounts for the correlation 
by operating at the cluster level (Hardin and Hilbe, 2003). 
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7.4 Modeling Results 
The ordered probit and the GEE ordered probit models are developed to examine left-turn 
crash injury severity. Factors of driver attributes, vehicular characteristics, intersection attributes 
(including intersection geometric design features, traffic control and operational features, and 
traffic characteristics), environmental factors, and crash characteristics are investigated for their 
effect on crash injury severity. A score test is applied to test the assumption of equal coefficient 
of ordered model. Subsequent type III analysis identifies the relative effects for the variables in 
the model. 
The conventional ordered probit and the GEE ordered probit models were fitted as shown 
in Table 42. Since independent correlation structure is applied, the coefficients for the ordered 
probit and the GEE model are the same. The estimated standard errors are different when the 
correlation is accounted. The model is performed well with 65.9% pairs concordant out of 
1,626,010 distinct pairs. A pair of observations with different observed responses is said to be 
concordant if the observation with the lower ordered response value has a lower predicted mean 
score than the observation with the higher ordered response value (SAS Institute Inc., 2004). The 
ordered logit model estimates one equation over all levels of the dependent variable. The test for 
proportional odds tests whether our one-equation model is valid is conducted. For the model 
developed, the large p-value (0.1876) indicates that ordered logit coefficients can be treated 
equal across the levels of the outcome for our data for these data. The severity levels are treated 
in a descending order (severe to PDO); for the ordered probit regression coefficients, a positive 
coefficient corresponds to a positive relationship for injury status (i.e., increasing values of the 
respective variable produces higher levels of injury). 
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Table 42  
Ordered Probit and GEE Ordered Probit Models 
Ordered Probit GEE Ordered Probit Parameter Coef. 
S.E. Pr>ChiSq S.E. Pr > |Z| 
Logarithm of the through traffic on opposing   
approach 0.0757 0.0273 0.0055 0.0273 0.0055 
Positive left-turn lane offset 
(vs. zero or negative offset) -0.0455 0.024 0.0579 0.048 0.0579 
Types of left-turn phasing on entering approach      
     “Protected” (vs. “ Permissive”) -0.1169 0.0402 0.0036 0.0821 0.0156 
     “Compound” (vs. “ Permissive”) 0.0354 0.0342 0.3006 0.0736 0.5311 
Standardized all-red time for through  
movements on opposing approach* -0.3038 0.1692 0.0725 0.1692 0.0725 
Alcohol or drug influenced of through vehicle 
(vs. “no”) 0.1195 0.0514 0.0199 0.1027 0.0199 
Left-turning driver age (base is “middle age”)      
    Very old ( ≥ 80) 0.3379 0.0976 0.0005 0.1296 0.0108 
    Young (19 < age ≤ 24) -0.1118 0.0562 0.0464 0.0648 0.0654 
    Very young (≤19) -0.2336 0.0569 <.0001 0.066 0.0003 
Lighting condition (base is “Daylight”)      
    Dark without light  0.0928 0.0467 0.0468 0.0725 0.0680 
    Dark with street light -0.1201 0.0372 0.0012 0.0535 0.0059 
Point of impact of through vehicle       
    Back left (vs. front) -0.0694 0.0824 0.3994 0.0983 0.481 
    Back right and Back (vs. front) -0.441 0.1442 0.0022 0.1819 <.0001 
    Front left (vs. front) 0.235 0.0571 <.0001 0.0588 0.0014 
    Front right (vs. front) -0.1476 0.0627 0.0185 0.0678 <.0001 
Point of impact of left-turn vehicle      
    Other (vs. front) -0.2855 0.0348 <.0001 0.069 <.0001 
    Front right (vs. front) 0.1683 0.0333 <.0001 0.0668 0.012 
Threshold Parameters      
Intercept 5 -3.3687 0.3113 <.0001 0.2847 <.0001 
Intercept 4 -1.9761 0.3005 <.0001 0.2733 <.0001 
Intercept 3 -1.015 0.2992 0.0007 0.2722 0.0978 
Intercept 2 -0.3152 0.2987 0.2914 0.2722 0.36 
Summary Statistics    
Number of crashes  2245 2245 
Number of clusters  - 500 
Minimum cluster size / Maximum cluster size  - 1/30 
Log-likelihood at convergence  -2922.9 -2922.9 
Percent Concordant/Pairs 65.9/1,628,010 
Score test for equal coefficient 
(Ho: coefficient assumption is valid;  
 H1: not valid) 
p-value =  0.1876 
 
Note: all red time/number of through lanes at far side crossing approach. 
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Table 43 
Type III Analysis of Included Factors 
 
Factors DF Chi-Square Pr > ChiSq 
Logarithm of the product of the entering left-turning and  
opposing  through movements 1 8.59 0.0034 
Positive left-turn lane offset 1 3.1 0.0783 
Types of left-turn phasing on opposing approach 2 5.78 0.0554 
Standardized all-red time for though movements on opposing 
approach 1 2.93 0.0872 
Alcohol or drug influenced of through vehicle 1 3.6 0.0578 
Left-turning driver age 3 18.24 0.0004 
Lighting condition 2 10.39 0.0055 
Point of impact of through vehicle 4 57.24 <.0001 
Point of impact of left-turn vehicle 2 56.84 <.0001 
  
 
Traffic volume is the most significant factor influencing crash occurrence. Exposure is 
supposed to be insignificant for crash injury severity and is not included in most of previous 
studies. In this study, it is found that the logarithm of the through volume is significant (p-value 
= 0.0055). It is found that positive left-turn offset is correlated with less severe crashes. The 
possible reason is that providing positive offset will mitigate the sight restriction for vehicles 
turning left from opposing left-turn lanes (Joshua and Saka, 1992; McCoy et al., 1992). Protected 
left-turn signal is associated with less severe crashes (coef. = - 0.1169; p-value = 0.0156), while 
“compound” phase has a positive coefficient but it’s insignificant (p-value = 0.5311). Providing 
enough clearance time will reduce crash injury severity (coef = - 0.3038). Driver’s demographic 
and alcohol influences are significant. In particular, compared to people in middle age, very old 
people ( ≥ 80 years of age) are more likely to involve severe left-turn crashes, while young (≤19) 
and very your people (19 < age ≥ 24) are more likely to sustain severe injuries. Drivers under 
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influence of alcohol of drugs are more likely involved in severe crashes. Light condition at 
intersection is significant; compared to daylight, crashes occurred at dark with street light are 
associated with less severe crashes (coef. = - 0.1201), while at dark without street light is 
correlated with more severe crashes (coef. = 0.0928), which indicates lower visibility increases 
crash severity; however street light can mitigate the effect of darkness. As shown in Table 43, the 
points of impact of both vehicles are the most significant variables to affect crash injury severity. 
Crashes will be more likely to involve severe injury if a through vehicle strikes or is struck at the 
front or the front left (see Figure 19 for definition of the point of impact), or if a left-turning 
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7.5 Summary and Discussion 
The crash injury severity was investigated for Pattern 5 left-turn crashes by using the 
ordered probit model. The effect of the “site correlation” among the crashes at the same 
intersection approach was examined by using the Generalized Estimating Equations (GEEs). It 
has been found that for most variables there is no significant difference between the estimated 
standard errors for the conventional and GEE ordered probit models. However, the estimated 
standard errors for some variables are almost doubled when accounting for the correlation (the 
type of left-turn phasing, the point of impact of left-turn vehicle). The test statistics (Score test 
for equal coefficient, Percent Concordant) show that ordered probit model can be used for crash 
injury severity. 
Variables in driver attribute, vehicular characteristics, intersection attributes (including 
intersection geometric design features, traffic control and operational features, and traffic 
characteristics), environmental factors, and crash were examined for their effect on crash injury 
severity. It has been identified that traffic volume, left-turn lane offset, left-turn signal, red time, 
driver’s age and alcohol influences, light condition, and the points of impact are significant. As 
shown in Table 43, the points of impact of both vehicles are the most significant variables to 
effect crash injury severity. 
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CHAPTER 8: SUMMARY AND CONCLUSIONS 
This chapter presents a summary of the research, recommends how to apply the findings 
from this research, and discusses the implications for future studies. 
8.1 Summary and Contributions 
In order to model crash occurrence at signalized intersections more efficiently and 
eventually to better identify the significant factors contributing to crashes, this dissertation 
investigated the temporal, spatial, and site correlations for the overall, rear-end, right-angle and 
left-turn crashes. Using the basic regression model for correlated crash data leads to invalid 
statistical inference, due to incorrect test statistics and standard errors based on the misspecified 
variance. In this dissertation, the Generalized Estimating Equations (GEEs) were applied, which 
provide an extension of generalized linear models to the analysis of longitudinal or clustered 
data.  
A series of frequency models are presented by using the GEE with a Negative Binomial 
as the link function. For the temporal safety analysis, the GEE models for the crash frequency 
per year with the four correlation structures (independent, exchangeable, autoregression, 
unstructured) were fitted. For the spatial safety analysis, the GEE models for the crash frequency 
per intersection with the three correlation structures (independent, exchangeable, autoregression) 
were fitted for the signalized intersections along corridors. For intersection level rear-end crash 
frequencies, the GEE models were applied for the crash data with temporal or spatial correlation 
separately. For right-angle crash frequency, models at intersection, roadway, and approach levels 
were fitted and the roadway and approach level models were models by using the GEE with 
unstructured correlation structure to account for the “site correlation”. And for left-turn crashes, 
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the approach level crash frequencies were modeled by using the GEE with a Negative Binomial 
link function for most patterns and using a binomial logit link function for the pattern having a 
higher proportion of zeros and ones in crash frequencies. 
Massive data collection work has been done. For the temporal analysis, a total number of 
208 four-legged signalized intersections were selected in the Central Florida area. In order to 
perform spatial safety analysis, a total number of 476 signalized intersections along 41 principle 
and minor arterials were selected from three counties in the state of Florida. All intersection 
geometry design features, traffic control and operational features, traffic flows, and crashes were 
obtained. Especially, for the temporal analysis, yearly traffic volume data on major and minor 
roadways for all 208 intersections for 3 years were retrieved. In order to estimate right-angle and 
left-turn crashes, intersection geometry design features, traffic control and operational features, 
traffic flows, and crashes from 2000 to 2005 were obtained for 197 four-legged signalized 
intersections from Orange and Hillsborough Counties. 
 For the longitudinal data, it is found that the autoregression structure is the most 
appropriate correlation structure, which indicates that the correlation between the multiple 
observations for a certain intersection will decrease as the time-gap increase. The data have a 
correlation of 0.6888 for each successive two years and correlation 0.4744 for year 2000 and 
2002. These high correlations indicate that the temporal correlation should be accounted for in 
the longitudinal crash data. For spatially correlated signalized intersections along corridors, the 
autoregression structure could be the appropriate structure. The autoregression structure has a 
maximum correlation of 0.3054 for any two successive intersections along a corridor; the 
correlation between intersections decreases as spacing increases, and it reduces to zero after 9 
intersections (it is reduced significantly after 4 intersections). For rear-end crash temporal 
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analysis, the conclusion that the GEE autoregression model has better goodness-of-fit is 
consistent with the theory that autoregression structure is specifically appropriate for time-
dependent data structures. For rear-end crash spatial analysis, the autoregression structure has a 
maximum correlation of 0.6313 for any two successive intersections along a corridor; the 
correlation between intersections decreases as spacing increases. The unstructured correlation 
structure was applied for roadway and approach level right-angle crashes and also for different 
patterns of left-turn crashes at the approach level. Usually two approaches at the same roadway 
have a higher correlation. 
 The dissertation modeled crashes at different levels. Particularly, intersection, roadway, 
and approach level models were compared for right-angle crashes, and different crash assigning 
criteria of “at-fault driver” or “near-side” were applied for disaggregated models. It shows that 
for the roadway and approach level models, the “near-side” models outperformed the “at-fault 
driver” models. 
Turning to the significant factors, variables in traffic characteristics, geometric design 
features, traffic control and operational features, corridor level factor, and location type were 
identified to be significant in crash occurrence as shown in Table 44, where the sign “√” 
indicates the variable is included in the model. In different models, variables may be in different 
functional forms as shown in the specific models. 
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Table 44 
Summary of Intersection Features Addressed in Frequency Models 
 
Total crash model Crash type model  (rear-end crashes) 
Crash type model 
(vehicle maneuvers) 











characteristics. Traffic volume √ √ √ √ √ √ 
Intersection 
Configuration  √  √   
Size of the 
intersection √ √     
Exclusive right-turn 
lanes √ √ √ √   
Exclusive left-turn 
lanes   √ √   
Through lane     √ √ 
Median   √ √ √ √ 
Left-turn lane offset     √  
Pavement type √      




Intersection angle     √  
Left-turn protection √ √ √ √  √ 
Speed Limit √ √ √ √ √ √ 
All-red interval     √  





Flash operation     √  
Corridor level 
factor Signal spacing  √  √   
Population density √  √    
Land use type  √     Location type 
County     √ √ 
 
The safety relationship between crash occurrence and traffic volume has been 
investigated thoroughly in different studies. Traffic volume is invariably included as an 
explanatory variable in the crash model and it is usually the most significant variable affecting 
intersection safety. For total crashes at intersections, different functional forms of traffic volumes 
have been evaluated and the logarithm of traffic volumes per lane for the entire intersection is the 
best functional form in both temporal and spatial analyses. For rear-end crashes, the logarithms 
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of traffic volumes on major and minor roadways are the better functional forms for traffic 
volume. The studies of right-angle and left-turn crashes confirm the assumption that the 
frequency of collisions is related to the traffic flows to which the colliding vehicles belong and 
not to the sum of the entering flows; the logarithm of the product of conflicting flows is usually 
the most significant functional form in the model. 
Left-turn protection is crucial for intersection operation and safety. Protecting the major 
roadway will reduce the crashes significantly, but this benefit will be reduced or negated if 
having more than one roadway with protected left-turn signal. The reason could be that the more 
roadways with left-turn protection determine the larger number of phases per cycle. It has been 
thought that the disadvantage of left-turn protection is that it might cause an increase in rear-end 
crashes, which tend to be non severe (Poch and Mannering, 1996; Roess et al., 2004). However, 
this study finds that the protection on minor roadway will increase rear-end crash occurrence, 
while the left-turn protection on major roadway will reduce rear-end crashes. Furthermore, left-
turn protection reduces Pattern 5 left-turn crashes (left-turning traffic collides with on-coming 
through traffic) specifically, but it increases Pattern 8 left-turn crashes (left-turning traffic 
collides with near-side crossing through traffic), and it has no significant effect on other patterns 
of left-turn crashes. 
In both temporal and spatial analyses, the size of the intersection (represented by the total 
number of lanes for all approaches) is found to relate to more crashes, which could imply that the 
risk of a crash at larger intersections is higher. A possible interpretation by Porter and England 
(2000) is that more red-light-running tends to occur at intersections with more lanes in both 
roadways, however this could not be confirmed in this study. For right-angle crashes, it has been 
found that the number of through lanes has a negative sign consistently in the models at the 
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different levels, and for Pattern 8 left-turn crashes, the number of the through lanes on the 
opposing approach of left-turning vehicle is related to a lower number of crashes, which indicate 
that the driver is prone to obey the traffic signal if the crossing distance is wide. And even 
though in the case a through vehicle violated signals inattentively, the chance of avoiding a 
collision is higher when the crossing distance is wide. 
This dissertation also investigated some other factors which have not been considered 
before. This study investigated the safety effect of signal spacing along corridors. The distance to 
the nearest signals is identified to be the most significant variable to affect the crash occurrence. 
The effect of the nearest signal decreases as the distance between them increases. For rear-end 
crashes, the logarithm of the average length of upstream and downstream segments of an 
intersection is identified to be the most significant variable. The effect of both neighboring 
signals (not just upstream or downstream segment) decreases as the distance increases. The 
safety effect of left-turn lane offset has been explored and it has been found that providing zero 
or positive offset for opposing left-turn lanes at the crossing roadway will reduce right-angle 
crashes; however, offset is not significant to reduce left-turn crashes for protected left-turning 
signals. 
The safety effectiveness of most variables identified in this dissertation is consistent with 
previous studies. The risk and severity of accidents on an intersection approach increases as the 
posted speed limit increases. For intersection configuration, 3-legged intersection has fewer 
conflict points that have less number of crashes. It has been found that installation of right-turn 
lanes on major and minor roadways would be expected to reduce total crashes. In specific, 
compared to the shared right-turn lane, the channelized or exclusive right-turn lanes on the minor 
roadway reduce rear-end crashes. The median influences the safety performance of intersections. 
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Yellow and all-red times have been found to affect drivers’ running red-light behaviors as well 
as right-angle crashes, and having flashing operation would increase right-angle crashes. 
Location types are included into models in different forms. In temporal analysis, the selected 
intersections are located in suburban areas with different population levels; intersections located 
in high population areas are associated with high crash frequency. In spatial analysis, 
intersections located in primarily business areas are found to associate with high crash frequency. 
In right-angle and left-turn crashes, due to difference in drivers, the proportion of trucks, and 
crash reporting, the factor of county is significant in the models. 
Some variables have unexpected signs. For example, it has been found that skewed 
intersections are associated with less right-angle crashes. Skewed intersections have wider 
crossing distance and poor sight distance, which might cause more right-angle crashes; however, 
in the selected intersections, the proportion of large all-red duration values is higher for those 
skewed intersections, which indicates that county traffic engineers have already considered the 
negative effect of skewness. Therefore, it should be noted that although the skewed intersections 




8.2 Research Applications 
This dissertation presents a series of GEE models: total crash and rear-end crash 
frequency models at the intersection level, right-angle crash frequency models at the intersection, 
roadway, and approach levels, and left-turn crash frequency models for different patterns. Rear-
end, right-angle, and left-turn are the most frequently occurring crash types at signalized 
183 
intersections. Significant factors contributing to overall crashes and specific crashes (rear-end, 
right-angle, and left-turn) were identified, which include geometry design features, traffic control 
and operational features, traffic characteristics, signal spacing, and land use. The GEE 
estimations were used, and therefore the results are more efficient since the correlation among 
the data were accounted for.  
The results of these studies can be applied to diagnose safety problems and to develop 
efficient countermeasures for specific deficiencies at signalized intersections by adopting the 
following procedures. First, the developed models can be applied to estimate the average crash 
frequency for overall crashes and for specific crash types (rear-end, right-angle, and left-turn 
with different patterns). Second, for an intersection of interest, its safety status can be evaluated 
and diagnosed by contrasting its crash history data with the estimated values. Third, specific 
safety problems can be identified by comparing the observed crashes with the average crash 
frequencies, e.g., high number of right-angle crashes or Pattern 5 left-turn crashes on a specific 
approach. Fourth, based on the significant factors in the relevant model, the factors affecting the 
specific crash problem can be identified. Finally, more specific and efficient countermeasures 
can be developed to improve safety at that intersection based on the identified factors that affect 
this precise problem. 
 
 
8.3 Future Research 
The safety effects of geometry design features, traffic control and operational features, 
traffic characteristics, signal spacing, and land use have been investigated for total, rear-end, 
right-angle and left-turn crashes at signalized intersections, and the GEE has been applied to 
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account for the spatial, temporal, and site correlations for the models at the different levels. 
Many significant factors have been identified when considering the correlation among the data. 
Both areas (statistical estimation and engineering results) require further study.  
In the dissertation, the population distribution has been assumed to be fixed. For example, 
the crash frequency is assumed Poisson distributed with a gamma-distributed unobserved 
individual heterogeneity and the dispersion parameter is fixed across sites and time period. 
Proponents of the Bayes methodology argue that the process of “estimation” is not one of 
deducing the values of fixed parameters, but rather one of continually updating and sharpening 
our subjective beliefs about the state of the world (Greene, 2003). In recent years, Bayes and 
empirical Bayes (EB) methods have continued to increase in popularity and impact. The Bayes 
estimation could be an important extension to our current framework. 
Correlation among the explanatory variables is also common at signalized intersections. 
Endogenous, which arises when an explanatory variable is correlated with the error term either 
because of an omitted variable or measurement error (Wooldridge, 2003), could be another 
potential problem for safety analysis at intersections. For example, in this study, it has been 
found that the skewed intersections are associated with less right-angle crashes. In the selected 
intersections, the proportion of large all-red duration values is higher for those skewed 
intersections, which indicates that county traffic engineers have adjusted the negative effect of 
skewness. If there are endogenous variables, the Generalized Linear Model is inconsistent. For 
GLM models, GMM (Generalized Method of Moments) estimation can be used once a vector of 
instrumental variable (IV) has been chosen (Wooldridge, 2002). 
As for the significant factors, many factors in geometry design features, traffic control 
and operational features, traffic characteristics, signal spacing, and land use were identified to be 
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significant for total crashes and for specific crash type (e.g., rear-end, right-angle, left-turn). 
These factors need to be further studied to develop efficient countermeasures. For example, it has 
been found that the distance to the nearest signals is identified to be the most significant variable 
to affect the total crashes, while the average length of upstream and downstream segments of an 
intersection is significant for rear-end crash occurrence. This result indicates that for corridor 
planning, the distance of the intersections along a corridor should be considered carefully. Signal 
coordination will also affect traffic flows along corridors. Usually the capacity is the major 
concern when signals along a certain corridor are coordinated. For existing corridors, engineers 
should upgrade the operation (e.g., signal coordination) to improve the safety. The relationship 
between the signal spacing, coordination, and safety need further investigation to reach viable 
recommendations which can be applied in the field. For another example, yellow and all-red 
times have been found to affect right-angle crash occurrence. Driver simulator could be a tool for 
investigating how all-red and yellow time influence drivers’ running red-light behavior. The 
different aspects of land use (i.e., land use types, population density) are identified to be 
significant to influence crash occurrence when other factors are controlled. The relationship 
between land use and safety is worthy of further investigation. 
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